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Abstract  Phishing attacks targeting cloud computing ser-
vices are more sophisticated and require advanced detection
mechanisms to address evolving threats. This study introduces
a deep learning approach leveraging recurrent neural networks
(RNNs) with long short-term memory (LSTM) to enhance phish-
ing detection. The architecture is designed to capture sequential
and temporal patterns in cloud interactions, enabling precise
identification of phishing attempts. The model was trained and
validated using a dataset of 10,000 samples, adapted from the
PhishTank repository. This dataset includes a diverse range of
attack vectors and legitimate activities, ensuring comprehen-
sive coverage and adaptability to real-world scenarios. The key
contribution of this work includes the development of a high-
performance RNN-LSTM-based detection mechanism optimized
for cloud-specific phishing patterns that achieve 98.88% accu-
racy. Additionally, the model incorporates a robust evaluation
framework to assess its applicability in dynamic cloud environ-
ments. The experimental results demonstrate the effectiveness of
the proposed approach, surpassing existing methods in accuracy
and adaptability.
Keywords  cloud services, cybersecurity, deep learning, phishing
detection, RNN-LSTM

1. Introduction

Phishing attacks have emerged as one of the most persistent
cybersecurity threats, exploiting a combination of social engi-
neering and technical manipulation to trick users into reveal-
ing sensitive information such as passwords, financial data,
and personal identification details [1]. The widespread adop-
tion of cloud computing services for data storage, processing,
and communication has made these platforms a target for at-
tackers. Cybercriminals are increasingly designing phishing
campaigns that resemble legitimate communications from
cloud service providers, leveraging authentic user interfaces
to gain user trust and compromise security [2]. This growing
threat highlights the need for advanced detection mechanisms
tailored to the dynamic nature of the cloud environment.
The sophistication of phishing attacks in cloud ecosystems
poses significant challenges to traditional detection methods.
Approaches such as URL blacklisting and heuristic-based sys-
tems struggle to keep up with evolving attack techniques [3].
Additionally, the rapid evolution of cloud services, coupled
with their diverse applications, complicates the task of iden-

tifying malicious activities. Attackers often exploit multiple
channels, including email, social networks, and messaging
platforms, to deceive users. Furthermore, the rise of phishing-
as-a-service (PhaaS) has simplified the process for cybercrim-
inals, enabling large-scale, highly tailored phishing campaigns
with minimal effort [4], [5].

To address these challenges, machine learning (ML) and deep
learning (DL) techniques have proven to be effective tools for
phishing detection. Among these, recurrent neural networks
(RNNs) combined with long- and short-term memory units
(LSTM) have demonstrated exceptional capability in analyz-
ing sequential data and capturing long-term dependencies.
This architecture is particularly well suited to detect behav-
ioral anomalies in cloud-based systems, as it dynamically
adapts to temporal patterns in user interactions [6].

This study focuses on leveraging the RNN-LSTM architecture
to enhance phishing detection by analyzing irregular access
behaviors, suspicious data transfers, and deceptive commu-
nications in cloud environments [7]. The presented research
uses the publicly available PhishTank dataset, which has been
adapted to simulate cloud-specific phishing scenarios. Al-
though the dataset was not created from scratch, it has been
tailored to include a diverse range of phishing attacks targeting
cloud platforms. Examples include fake login pages, mali-
cious links embedded in cloud communications, and phishing
attempts to exploit cloud-based file-sharing services. By re-
fining this dataset to focus on cloud-relevant attack vectors,
the study bridges the gap between general phishing detection
methods and the challenges posed in cloud environments.

The key contributions of this work are as follows:

1) design and implementation of an RNN-LSTM-based deep
learning architecture, optimized to capture sequential and
temporal patterns in cloud service interactions. This archi-
tecture enhances the detection of subtle anomalies indica-
tive of phishing activities while maintaining computational
efficiency.

2) adaptation of the PhishTank data set to reflect specific real-
world phishing scenarios for cloud platforms, ensuring
comprehensive representation of various attack strategies.

3) development of a robust detection mechanism that in-
tegrates RNN-LSTM capabilities with adjustments for
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cloud-specific challenges, achieving high accuracy and
adaptability across various cloud environments.

4) design of a comprehensive evaluation framework to assess
system performance under real-world conditions, focusing
on metrics such as detection accuracy, false positives, and
adaptability to emerging threats.

5) introduction of enhanced protection strategies aimed at
strengthening cloud security by mitigating the risks asso-
ciated with phishing attacks and reducing potential data
breaches and financial losses.

The remainder of this paper is structured as follows: Section
2 reviews related work on phishing detection with a particular
focus on cloud-specific challenges and limitations. Section 3
details the proposed RNN-LSTM-based methodology and the
adaptation of the dataset. Section 4 presents the experimental
results and evaluates the performance of the detection system.
Finally, Section 5 concludes the paper by summarizing the
contributions and discussing directions for future research.

2. Literature Review
The issue of phishing in cloud environments has gained sig-
nificant attention from researchers, leading to various ap-
proaches aimed at improving detection mechanisms. Existing
studies provide a foundation for the methodology adopted in
this work by exploring trends, vulnerabilities, and specific
detection strategies for phishing attacks in cloud infrastruc-
tures. Traditional approaches, such as blacklisting URLs and
rule-based systems, have proven effective to some extent, but
struggle to keep pace with evolving phishing techniques. The
application of deep learning and advanced pattern recogni-
tion methods has emerged as a promising alternative, offering
improved accuracy and adaptability.
In previous studies, a variety of datasets containing legitimate
and phishing-related data have been utilized in previous
studies. For example, the authors of [8] proposed a phishing
detection system that uses email data and employs algorithms
such as support vector machines (SVM), naive Bayes (NB) and
LSTM. Their method involves extracting features from emails
and creating labeled datasets for classification. Although
effective in identifying phishing patterns, this approach relies
heavily on predefined features, making it less adaptable to
emerging attack strategies.
In study [9], the authors developed a phishing email detection
model based on deep learning techniques, such as graph con-
volutional networks (GCNs) combined with natural language
processing. By focusing on the textual content of emails, the
system demonstrated improved detection accuracy. However,
the reliance on annotated training data presents challenges
in scalability, as the manual labeling of large datasets can be
time and resource consuming.
A different approach was taken in [10], where a data-driven
model was proposed to detect phishing web pages using
a multilayer perceptron (MLP). This study utilized a Kaggle
dataset comprising 10 features and 10,000 websites, achieving
training and testing accuracies of 95% and 93%, respectively.

Despite these promising results, the model’s dependence on
limited features restricts its ability to generalize to phishing
web pages employing novel evasion techniques.
The work [11] introduced PhishNot, a system for detecting
phishing URLs using machine learning. By reducing the
input features to 14, the authors optimized the system for
fast processing and demonstrated a high detection accuracy
of 97.5% using a random forest algorithm. Although this
streamlined approach is computationally efficient, it may
fail to capture complex patterns in sophisticated phishing
URLs, potentially limiting its effectiveness in more advanced
scenarios.
In article [12], a hybrid CNN-LSTM model was proposed to
detect phishing attacks through image-based encoding. The
system incorporated advanced techniques such as SMOTE
and auto-encoder-based GANs to balance datasets and extract
meaningful features. Grayscale images were used for the
analysis and the approach achieved superior performance on
multiple benchmarks. However, the computational complexity
of this method may pose challenges for real-time detection or
deployment in resource-constrained environments.
Collectively, these studies highlight the potential and limita-
tions of existing phishing detection techniques. Based on their
findings, this research aims to address key gaps by develop-
ing a more adaptable and scalable system to detect phishing
activities in cloud-hosted environments.

2.1. Comparison and Limitations of Existing Methods

Table 1 presents a comparison of the phishing detection
approaches reviewed in this study. It describes the type of
model, training data used, accuracy achieved, complexity of
the model, robustness to evolving phishing tactics, processing
time, and key limitations associated with each method. This
comparative analysis highlights the strengths and weaknesses
of the existing approaches, offering valuable insights into their
real-world applicability. By evaluating these characteristics,
one can identify the most suitable phishing detection strategy
for their specific needs.
Despite notable progress in phishing detection, the following
limitations are evident in current methods:
1) Dependence on predefined features. The approach [8]

is based on fixed set of characteristics, which may not
effectively capture the nuances of emerging phishing
strategies. Frequent updates are necessary to maintain
its relevance in detecting advanced attacks.

2) Requirement for annotated training data. The method pre-
sented in [9] uses supervised learning, which requires
large amounts of annotated data. This dependency in-
creases the cost and effort required, limiting scalability
and adaptability to novel phishing techniques.

3) Narrow scope and limited features. The framework [10]
employs an MLP trained on a dataset with only ten at-
tributes. This restricts the ability to handle phishing web
pages using innovative tactics or evasion methods.

4) Simplified feature sets at the expense of complexity. The
PhishNot system [11] reduces the input features to only 14
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Tab. 1. Comparison of phishing detection approaches.

Approach Model type Training data Accuracy Complexity Robustness Processing time

[8] SVM, NB, LSTM Various datasets 95%
(estimated) Medium Low Fast

[9] GCN Annotated email
data 93% (test) High Medium Moderate

[10] MLP 10,000 webpages 95%
(training) High Low Moderate

[11] Random forest Representative data 97.5% Medium Low Fast

[12] CNN-LSTM 3 benchmark
datasets

Superior to
others High Low Slow

to achieve faster processing. However, this simplification
may exclude intricate phishing URL patterns, reducing its
effectiveness against sophisticated attacks.

5) High computational overhead. The CNN-LSTM approach
shown in [12] involves advanced techniques such as
SMOTE, GANs, and swarm intelligence, significantly
increasing computational requirements. This complexity
makes it unsuitable for real-time detection or resource-
constrained environments.

3. Proposed Approach
In this section, we introduce a deep learning-based approach
for detecting phishing in cloud environments leveraging an
RNN-LSTM model. The proposed system is specifically de-
signed to address the dynamic and evolving nature of phishing
attacks in cloud settings by capturing sequential and tempo-
ral patterns in user interactions. The methodology consists
of four phases: data acquisition and preprocessing, feature
representation, model training, and performance evaluation.
The first phase involves gathering a comprehensive dataset
comprising legitimate and phishing interactions in cloud
services. The PhishTank1. dataset is curated to ensure its
relevance to real-world scenarios. To prepare the dataset for
analysis, it undergoes pre-processing steps, including cleaning
to remove inconsistencies, normalization to standardize data
attributes, and the extraction of relevant features such as URL
length, IP address presence, and HTTPS usage. This ensures
that the data set is high quality and suitable for deep learning.
The second phase focuses on transforming the data into a for-
mat compatible with the RNN-LSTM architecture. Textual
input, such as URLs, are converted to numerical representa-
tions using character-level embeddings. These embeddings
preserve contextual relationships within the data, enabling
the model to analyze sequential patterns effectively and detect
phishing behaviors.
The third phase is dedicated to training the RNN-LSTM
model. The architecture is designed to capture temporal
dependencies in the data, using LSTM layers to retain essential
information over time. Regularization techniques, such as

1The PhishTank dataset is accessible at https://phishtank.org

dropout, are applied during training to prevent overfitting and
improve the generalization of the model. Hyperparameters,
including the learning rate, batch size, and the number of
LSTM units, are optimized through systematic grid search
and cross-validation.
Finally, the model performance is evaluated using metrics
such as accuracy, precision, recall, and F1 score. These met-
rics assess the system’s effectiveness in distinguishing phish-
ing attempts from legitimate interactions. The analysis also
includes an evaluation of the importance of individual char-
acteristics in the detection process, providing information on
the decision-making and the patterns it identifies as indicative
of phishing behavior.

3.1. Data Exploration and Analysis

PhishTank, a community-curated repository of validated
phishing websites, serves as the main data source for this
study. This database aggregates reports of suspicious websites
from users and validates their authenticity through expert
review. Each entry includes critical information such as the
URL of the phishing site’s URL, submission time, verification
status, and operational state. PhishTank provides these data in
both API and CSV formats, making them highly accessible for
machine learning research [13]. For this investigation, we used
10,000 samples, evenly categorized as authentic or phishing
based on 18 distinct attributes that focus on URL structure and
activity patterns. These attributes enable a detailed analysis
of phishing activity, including detection patterns, response
times, and the lifecycle of malicious URLs.
A preliminary exploration of the dataset revealed patterns in
phishing behavior and response efficiency. Key observations
include:
• Phishing lifecycle. The dataset records both submission

and verification timestamps, allowing for analysis of the
time taken to confirm a phishing report. This provides
insight into response efficiency.
• URL characteristics. Phishing URLs often feature irreg-

ular structures, including excessive length, presence of
IP addresses, or frequent use of special characters, which
differentiate them from legitimate URLs.
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Fig. 1. Correlation matrix of features.

• Verification patterns. Most verified phishing sites are
confirmed within a short time frame, highlighting the
effectiveness of the PhishTanks validation process.

To ensure the quality of the dataset for training and evaluation,
the following steps were undertaken:
• removal of incomplete or duplicate entries to maintain data

integrity,
• normalization of URL features to ensure consistency across

samples,
• label encoding of target variables, with phishing URLs

labeled as “1” and legitimate URLs as “0”.
These steps ensure that the dataset is both clean and ready for
robust feature extraction and model training.

3.2. Feature Extraction

To ensure robust detection, we extracted significant features
relevant to identifying phishing attempts in cloud environ-

ments. The following key attributes, aligned with our study
and correlation analysis, are particularly essential:

– Having_IP – indicates the presence of an IP address in the
URL, a tactic commonly used in phishing attacks to bypass
domain-based detection.

– URL_Length – represents the total length of the URL.
Phishing URLs often have unusually long paths to obfus-
cate their content.

– Redirection – counts the number of redirects in a URL.
Phishing websites frequently use multiple redirections to
conceal their malicious intent.

– Https_Domain – verifies the presence of HTTPS in the
domain. Phishing attackers often exploit this to create
a false sense of security.

– TinyURL – identifies the use of URL shortening services,
which are frequently leveraged in phishing campaigns to
obscure malicious destinations.
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– Prefix/Suffix – checks for the presence of prefix or suffix
patterns in domain names, as these can mimic legitimate
domains.

– Cloud_Keyword_Presence – detects cloud-related key-
words (e.g., cloud, aws, azure) in the URL, which phishers
may use to impersonate trusted cloud providers.

– Service_Name_Similarity – analyzes the similarity be-
tween the URL content and popular cloud service names
to deceive users into assuming legitimacy.

– SSL_Certification – determines the validity of SSL certifi-
cates as phishing websites may use SSL to appear credible.

– Request_Pattern_Complexity – evaluates the complexity of
the URL’s request pattern, as phishing sites often include
irregular or unusually structured paths.

– Label – the target variable, classifying URLs as phishing
or legitimate.

These features are essential for identifying phishing websites
by analyzing both structural and behavioral patterns. Their
correlations, as shown in Fig. 1, highlight their significance in
cloud phishing detection models in the form of a correlation
matrix.
Each dataset feature is labeled 1 for phishing websites and 0
for legitimate ones. Due to the size (20,000 entries: 10,000
phishing URLs and 10,000 authentic), seven significant fea-
tures were extracted. These qualities help identify legitimate
and fraudulent websites – see Fig. 2.

3.3. Proposed Phishing Detection Model

This subsection introduces the architecture and functionality
of the proposed phishing detection model. The model lever-
ages an RNN framework augmented with LSTM layers to
effectively capture sequential and temporal patterns in cloud
service interactions. By analyzing these behavioral patterns
over time, the model can differentiate between phishing and
legitimate activities with high precision.
The proposed architecture is designed to process input se-
quences while preserving contextual and temporal dependen-
cies critical for identifying phishing attempts. The model is
made up of multiple layers, each serving a specific role in the
detection pipeline.
In the embedding layer, input tokens are first converted into
dense vectors that represent their semantic meaning. This layer
is crucial for the model to understand the contextual links.
The expression of embedding transformation is as follows:

E(X) = {e(x1), e(x2), . . . , e(xT )} , (1)

where e(xi) is the embedding vector for token xi.
Embedding tokens into dense representations gives the model
a numerical representation of text that improves interpretabil-
ity for future layers, helping it uncover phishing patterns. The
quality of the embeddings can be improved using pre-trained
models like Word2Vec or GloVe, which can be integrated
into the embedding layer in such a way:

e(xi) =W · vi , (2)
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Fig. 2. Histogram of feature visualization.

whereW is the weight matrix and vi is the vector represen-
tation of the pre-trained model.
The LSTM layers capture embedded data sequence depen-
dencies. LSTMs can keep crucial information and discard less
important information, making them suitable for detecting
phishing patterns that depend on earlier or later sequences.
Each LSTM layer computes hidden states ht and cell states
Ct at each time step t, as defined by:

ft = σ(Wf · [ht−1, xt] + bf ) (forget gate) , (3)

it = σ(Wi · [ht−1, xt] + bi) (input gate) , (4)

C̃t = tgh(WC · [ht−1, xt] + bC) (cell candidate) , (5)

Ct = ft · Ct−1 + it · C̃t (cell state) , (6)

ht = ot · tgh(Ct) (hidden state) . (7)

Eqs. (3) – (7), ft, it, Ct, C̃t, ht, and ot represent the forget
gate, the input gate, cell candidate, the cell state the hidden
state, and output gate, respectively.
The LSTM technique selectively updates and preserves cell
states through these gates to keep the model’s phishing detec-
tion knowledge. To enhance the model’s capacity to capture
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long-range dependencies, we can also implement a bidirec-
tional LSTM, which processes the input sequence in both
forward and backward directions.

ht = LSTM(xt, ht−1, Ct−1) + LSTM(xrev
t , h

rev
t−1, C

rev
t−1) . (8)

A fully connected layer and output layer evaluate the final
hidden state hT after LSTM layers, converting the learned
features into a probability score for phishing attempts. The
prediction formula is:

ŷ = σ(WO · hT + bO) , (9)

where σ denotes sigmoid activation.
The probability of the sequence being phishing is between 0
and 1 with this function. These layers decide by mapping the
RNN’s learned properties into a binary outcome. Next, the
model is trained by minimizing a binary cross-entropy loss
function that compares true labels and predicted probability.
The loss function encourages accurate model predictions by
reducing the error between true labels and predictions. The
definition of a loss function is as follows:

L = − 1
N

N∑
i=1

(yi log(ŷi) + (1− yi) log(1− ŷi)) , (10)

where, yi represents the true label, while ŷi denotes the
predicted probability for each instance.
Regularization methods such as dropout can be added after
LSTM layers to enhance generalization and reduce overfitting.
The dropout layer allows the model to avoid over-reliance on
any single feature by randomly setting a percentage p of input
units to zero during training. A mathematical expression is:

hdrop
t = ht · r , (11)

where r is a random variable drawn from a Bernoulli distri-
bution with parameter p.
As evaluation metrics, precision, recall, and F1 score mea-
sures are used to assess the model’s performance. The F1
score is calculated as follows:

F1 score = 2 · Precision · Recall
Precision+ Recall

. (12)

Building a robust phishing detection system for cloud envi-
ronments requires thorough training and meticulous tuning
to adapt to the constantly evolving nature of phishing threats.
The performance of the model is optimized through careful
selection of hyper parameters, including the learning rate,
batch size, number of LSTM layers, and dropout rate. Hy-
perparameter tuning is performed systematically using grid
search and cross-validation to identify the best configuration.
Regularization techniques are applied to mitigate overfitting,
ensuring that the model maintains strong predictive capabili-
ties when exposed to unseen data.
The following parameters are assumed during model training:
– Embedding dimension = 256, enhancing the representation

of tokens to capture more intricate semantic relationships
while still being manageable in terms of computational
resources.

– LSTM units = 256 for each LSTM layer, increasing the
model’s ability to effectively learn and retain complex
sequential dependencies in the data.

– Dropout rate = 0.3, striking a balance between reducing
overfitting and preserving enough model capacity to ensure
robust learning.

– Batch size = 64, allowing for more stable gradient updates
while also accommodating larger data chunks, which can
lead to better convergence.

– Epochs = 50, with an emphasis on using early stopping
based on validation loss to ensure that the model does
not overtrain while still having sufficient training time to
achieve high accuracy.

The computationally effective embedding dimension of 256
captures more intricate semantic links and improves token
representation. Each 256-unit LSTM layer helps the model
learn and retain complicated sequential data dependencies. A
dropout rate of 0.3 balances overfitting with learning model
robustness. With a batch size of 64, larger training data
chunks improve gradient updates and convergence. To avoid
overtraining and ensure accuracy, the model is trained for
more than 50 epochs and stopped when validation loss occurs.

4. Performance Evaluation

The proposed model was built and tested using Google Colab,
a powerful cloud-based machine learning model deployment
and testing tool. Free GPU resources make Google Colab
ideal for testing complex algorithms and datasets.

The metrics considered during the evaluation of the proposed
approach include:

• Accuracy, comparing predicted labels to actual labels gives
a clear picture of the model performance.
• Precision, recall and F1 score. Precision assesses a mod-

el’s ability to correctly identify affirmative phishing at-
tempts, while recall measures its ability to catch all actual
incidents. The F1 score is a harmonic mean of precision and
recall that accounts for false positives and negatives, which
is essential to analyze model performance in imbalanced
datasets.
• Confusion matrix. This tool provides a detailed break-

down of the model’s classification performance by showing
the true positives, true negatives, the false positives, and
false negatives. Analyzing the confusion matrix allows for
a deeper understanding of specific weaknesses in the mod-
el, such as misclassifying legitimate URLs as phishing
attempts, which can be particularly detrimental in practical
applications.
• Loss function. In the context of RNNs, monitoring the

loss function during training is vital for assessing model
performance. A decreasing loss value indicates that the
model is learning effectively, while fluctuations can signal
over- or underfitting issues.
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Fig. 3. Model training and validation accuracy performance.

4.1. Results Analysis

Figure 3 illustrates the performance metrics of the RNN deep
learning model used to detect phishing attempts in cloud-
based applications. The algorithm consistently identifies com-
plex traits that separate phishing interactions from real ones,
with training accuracy between 97% and 99%. The model val-
idation accuracy varies from 96% to 97.5%, demonstrating its
ability to generalize to unknown data, crucial for real-world
applications.
Training loss of optimization targets, the difference between
predicted outputs and targets. Low validation loss indicates
learning efficacy, while low training loss indicates that model
predictions meet goals. Data pattern capture issues may
cause high validation loss, while good learning indicates
low validation loss.
The model may overfit or underfit if it memorizes the training
data or is too basic to detect patterns. Tracking training loss
is essential. The robust model has 98.885% training accuracy
and 97.75% validation accuracy, indicating that there are no
overfits or underfitting. The model recognizes substantial
training data patterns and generalizes well to novel samples.
Real-world phishing detection requires balanced models with
low false positives. Consistent RNN performance improves
cloud phishing security.
Figure 4 shows the RNN deep learning model loss perfor-
mance metrics to identify phishing attempts in cloud-based
applications. The model minimizes the difference between
expected outputs and targets with a training loss of 0.025 to
0.038. Reduced training loss shows that the model can han-
dle complicated data patterns. The validation loss is 0.053 to
0.068, indicating a strong new data generalization. The mod-
el finds fundamental patterns without overfitting the training
dataset, since validation loss is always less than training loss.
Training and validation loss might show overfitting and under-
fitting, when the model memorizes training data but misses
data patterns. The resilience balances detail and general-
ization with 0.031 training loss and 0.060 validation loss.
Phishing detection models with low false positives must bal-
ance performance. Loss performance measurements show
RNN architecture stability, securing cloud from phishing.
Figure 5 shows the confusion matrix for the proposed model,
assessing its classification performance. This matrix indi-
cates the distinction and proposes improvements. High false
negatives signal that the model must be modified to detect
more positives. Overall, the balanced true positives and true
negatives of the matrix show that the program could detect
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phishing attempts. This robust result shows that the proposed
model is acceptable for real-world applications with precision
enhancement potential.
Table 2 summarizes model’s evaluation metrics. The model
classifies the dataset samples well with 0.988 accuracy. The
macro- and micro-averaged precision and recall indicate
positive sample detection with low false positives. The recall
scores and macro- and microaveraged precision of 0.979 and
0.982 demonstrate its ability to recover relevant samples.
The methodology works because macro and micro F1 scores
average precision and recall into a harmonic mean. The macro-
averaged F1 score of 0.977 and micro-averaged F1 score of
0.984 indicate balanced and trustworthy performance. These
results show that the proposed approach can generalize and
reduce classification errors for real-world applications.
Table 3 shows the accuracy and loss metrics for model training
and validation. The high training accuracy of 0.988 and the
validation accuracy of 0.977 show the model ability to capture
patterns in the training data and generalize to new data. A
low training loss of 0.0318 shows minimal inaccuracy in
predicting training samples, while a validation loss of 0.0537
indicates consistent performance on unseen data without over-
or underfitting. These indicators demonstrate the stability and
learning potential, promising applications in the real world.
Table 4 analyzes the accuracy of the model using PhishTank
dataset, proving its effectiveness in phishing detection. The
RNN-LSTM model achieves maximum accuracy at 98.885%,
surpassing other methods. Traditional approaches like KNN
(87.98%) and random forest classifier (94.262%) were less
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Tab. 2. Evaluation metrics of the proposed model.

Evaluation parameter Value

Accuracy score 0.988
Macro averaged precision 0.979
Micro averaged precision 0.982

Macro averaged recall 0.972
Micro averaged recall 0.984

Macro averaged F1 score 0.977
Micro averaged F1 score 0.984

Tab. 3. Accuracy and loss performance of the proposed model.

Evaluation metric Performance value

Training accuracy 0.988
Validation accuracy 0.977

Training loss 0.0318
Validation loss 0.0537

Tab. 4. Comparison of accuracy for different models in the Phish-
Tank dataset.

Ref. Approach Accuracy Dataset

[5] Multi-model 97.81% PhishTank
[7] KNN 87.980% PhishTank

[14] NLP 97.981% PhishTank
[15] RFC 94.262% PhishTank
[16] SVM 94.130% PhishTank

Proposed RNN-LSTM 98.885% PhishTank

accurate than multi-model (97.81%). With a precision of
97.981%, the NLP model is useful but not as accurate as the
RNN-LSTM model. The SVM and the random forest classi-
fier have a precision of 94.130% and 94.262%, respectively,
indicating that traditional techniques are less effective than
deep learning in detecting phishing URLs. The comparison
indicates that the RNN-LSTM model improves phishing de-
tection and is acceptable for accurate real-world applications.

4.2. Related Work Comparison

Table 4 compares the phishing detection methods applied to
the PhishTank dataset, showcasing both traditional models
like KNN, RFC, and SVM, and advanced techniques such
as multimodel and NLP approaches. The proposed RNN-
LSTM model achieves the highest accuracy of 98.885%,
highlighting its ability to effectively leverage sequential and
temporal patterns for superior phishing detection in cloud
environments.

4.3. Integration in Cloud Computing Environments

The proposed phishing detection model integrates seamlessly
into cloud environments, serving as a vital component of the

security framework. Positioned at the network entry point, it
enables real-time monitoring of incoming traffic, including
URLs in emails, shared cloud storage links, and web requests,
effectively preventing malicious traffic from reaching users
or critical services.

Designed as a scalable microservice, the system leverages
technologies like Docker and Kubernetes to dynamically
adjust resources based on traffic volume. Its API-based design
allows easy integration with existing security tools, such
as firewalls and intrusion detection systems. Continuous
learning is supported through updates from cloud-based threat
intelligence feeds, ensuring adaptability to emerging phishing
tactics and maintaining high detection accuracy.

Key use cases for this integration include:

• email security – analyzing and detecting phishing links
embedded in emails hosted on cloud platforms,
• web gateway protection – filtering malicious URLs in real-

time to block access to phishing websites,
• cloud storage monitoring – scanning shared links and files

for potential phishing attempts,
• application-level protection – safeguarding cloud-based

applications by monitoring API calls and user interactions
for anomalies.

5. Conclusions

This paper presents a robust approach to phishing detection in
cloud environments by combining RNNs with LSTM units.
Leveraging sequential data processing and the ability to retain
long-term dependencies, the RNN-LSTM model efficiently
captured temporal patterns within cloud service interactions.
This capability significantly improved accuracy and resilience
in detecting phishing attempts. The model was trained on
a comprehensive dataset of 10,000 cloud-based interactions,
which encompassed a diverse range of applications, storage
solutions, and email services. This data set facilitated robust
training and ensured adaptability in various cloud scenarios.

Achieving an accuracy of 98.88%, the proposed model
demonstrated the potential of deep learning to significant-
ly enhance phishing detection in cloud computing, thereby
reinforcing cybersecurity by distinguishing legitimate from
malicious interactions.

Although the results are promising, there is significant po-
tential for further research to improve and extend this work.
Future research could focus on integrating advanced architec-
tures, such as transformers or hybrid deep learning models,
to enhance accuracy and efficiency. Adding real-time data
streams and multilingual phishing datasets would increase
the applicability and address the global nature of phishing
threats. Furthermore, testing the system in real-world cloud
environments would provide important insights into its scala-
bility, reliability, and practical deployment, helping to close
the gap between research and real-world applications.
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Abstract  Efficient network communications with optimal net-
work path selection play a key role in the modern world. Conven-
tional path selection algorithms often face numerous challenges
resulting from their limited scope of application. This research
proposes a modified swarm intelligence approach, known as
cat swarm optimization (CSO) with Lévy flight that is used for
network link load balancing and routing optimization. CSO’s
quick convergence capabilities are suitable for rapid response
applications; however, the approach is prone to getting stuck in
local optima. Lévy flight enhances search efficiency, thus aid-
ing in escaping local optima. CSO with Lévy flight (CSO-LF)
outperforms original CSO and PSO algorithms in terms of so-
lution quality and robustness across various benchmarks. The
proposed method has been evaluated in software defined net-
works (SDN) with nine benchmark functions assessed. CSO-LF
achieved the best scores in both the best and worst positions.
When used in SDN for link load balancing, CSO-LF demonstrat-
ed lower latency and higher throughput than CSO, and lower
latency and higher throughput than PSO in a fat tree topology.
Keywords  cat swarm optimization, Lévy flight, load balancing,
software-defined networks

1. Introduction

Optimization plays a critical role across numerous scientif-
ic areas, as it allows to improve various algorithms of the
conventional, evolutionary and nature-inspired metaheuris-
tic variety, thus striving to solve more complex challenges.
In recent years, nature-inspired algorithms have gained pop-
ularity, especially when it comes to addressing non-linear
optimization tasks [1].
Software-defined networks (SDNs) allow to address some
of the inherent challenges of modern network management
by separating the control and data planes. This separation
allows for a centralized view of the network, which facilitates
a more effective implementation [2], [3]. Although SDNs
alleviate some limitations in scalability and management
of traditional network structures, they also introduce new
challenges, especially in achieving balanced network loads.
Many existing methods face difficulties in reaching a global
optimum and handling non-linear dynamics (Fig. 1).
To address these issues, metaheuristic techniques, particularly
those inspired by natural phenomena, such as swarm intel-
ligence, have emerged as a promising solution. Moreover,
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Fig. 1. Architecture of an SDN-based system.

techniques such as anomalous diffusion and Lévy flights of-
fer the potential for improved optimization by enabling larger
movements through solution spaces [1].
Bearing in mind the context defined above, this research
is devoted to advancing SDN technology by utilizing cat
swarm optimization with Lévy flight (CSOLF) methods.
The primary objective is to improve load balancing and path
optimization within SDNs. This method seeks to address the
complexities of modern computer networks, promoting better
scalability, efficient resource management, and improved
network performance.
The contributions of this work are listed below.
• improvement of the global search capability of the original

CSO algorithm by applying Lévy flight,
• implementation of the proposed algorithm in the SDN

controller for link load balancing,
• comparison of throughput- and latency-related metrics of

the proposed method with the original parameters of cat
swarm optimization (CSO) and particle swarm optimiza-
tion (PSO) algorithms.

PSO, inspired by the behavior of bird or fish swarms [4],
was initially introduced as a metaheuristic algorithm for the
optimization of functions. Since then, it has been applied to
various optimization problems, including dynamic systems
[5], pattern matching [6], traveling salesman problem [7],
scheduling, and vehicle routing [8]. The CSO algorithm
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based on cat behavior [9] operates in two modes, seeking and
tracing, for exploration and exploitation, respectively. CSO
has found applications in function optimization [10], task
allocation [11], and workflow scheduling [12].
The remaining parts of this paper are structured as follows.
Section 2 discusses related works. Section 3 presents the
concepts of Lévy flight and CSO. Section 4 provides a com-
prehensive explanation and describes the implementation of
the proposed algorithm. Section 5 presents the experimental
analysis performed in various scenarios. Finally, concluding
remarks are presented in Section 6.

2. Related Works

Swarm intelligence and other algorithms are often used in
optimization and computational techniques, especially in
software-defined networks (SDN) [13]. Leveraging these
algorithms, SDN offers an optimal framework for scalable and
programmable networks. In complex network management,
these algorithms address an extensive solution space and
multiple targets. Integrating heuristics with SDN improves
load balancing [14]. However, studies in the literature have
demonstrated that integrating Lévy flight with metaheuristic
algorithms significantly enhances their efficiency, both in
SDN and in other applications.
Kolodziejczyk et. al. [15] proposed particle swarm optimiza-
tion (PSO) methods based on the characteristics of the Lévy
distribution. This involves employing the Lévy distribution to
start the swarm and using the Lévy flight as a scalar inertia co-
efficient. Bousmaha et al. [16] introduced a training technique
that combines PSO with multiverse optimization using Lévy
flight. This approach helps prevent premature convergence
and achieves a better balance between exploration and ex-
ploitation. To address poor performance of quantum-behaved
PSO (QPSO) in high-dimensional problems, paper [17] in-
corporated Lévy flight and straight flight (SF) strategies into
QPSO. This method showed strong performance in solving
engineering design optimization challenges.
Ant colony optimization (ACO) was improved in [18], based
on the Lévy distribution applied to the candidate selection
process, and took advantage of the Lévy flight, which in-
creased searching speed and also ensured a better exploration
of search space. In article [19], a greedy Lévy ACO was pro-
posed, combining epsilon greedy and Lévy flight strategies
to tackle complex combinatorial optimization problems. This
method is developed in max-min ACO and is applied to solve
the traveling salesman problem. Paper [20] introduced a hy-
brid max-min ant system (HMMAS) that incorporates the
Lévy flight strategy to address the limitations of the tradi-
tional approach. HMMAS improves diversity by dynamically
adjusting its parameters.
Verma et. al. [21] proposed modified chicken swarm op-
timization (MCSO) that addresses local optima and early
convergence issues in basic CSO by incorporating Lévy flight
as a random feature. This enables MCSO to navigate cases
where conventional methods may fail to find neighboring solu-

tions. Through experiments on various benchmark functions
and pressure vessel design problems, MCSO demonstrat-
ed efficient performance, with faster convergence to global
optima. Statistical analysis and comparisons with other op-
timization methods confirmed the effectiveness of MCSO
in various problem domains. Article [22] introduced an im-
proved artificial bee colony (ABC) algorithm incorporating
Lévy flight (LABC) to improve the exploitation capability
of the ABC algorithm for estimations performed in the 3-p
distribution. Compared to other metaheuristic algorithms,
the results demonstrated that LABC provided more precise
maximum likelihood (ML) estimations. The authors of [23]
developed a gray wolf optimization algorithm with dynamic
adjustment of the inertia weight and a Lévy flight strategy. In
the early stages of iteration, Lévy increase the probability of
enhancing global search capabilities and boosts population
diversity.
To recapitulate, the integration of Lévy into various meta-
heuristic algorithms has resulted in improvements in solving
complex optimization problems. These techniques improved
the balance between exploration and exploitation, improved
convergence rates, and provided robust solutions to a wide
class of computational challenges. However, there are still
several optimization algorithms that have not yet been in-
tegrated with Lévy flight. Table 1 summarizes the findings
obtained from the literature.

3. CSO and Lévy Flight
3.1. Original CSO Algorithm

CSO is a metaheuristic algorithm that mimics the behavior of
cats [9]. It alternates between the seeking and tracing phases,
representing local and global search for optimal solution.
The cat that records the best solution will be kept in memory
once the cats have been divided into these two phases, from
which new positions and fitness functions will be evaluated.
These processes are repeated, until the termination criteria
are met [24].
In the search phase, the cat rests or observes and searches
for the best solution by slightly adjusting its position and
evaluating the results to avoid rapid changes, ensuring a more
thorough exploration of the solution space [25].
The position of each cat is adjusted using the following
equation:

Xcn = (1± SRD×R)×Xc , (1)
whereXc denotes the existing position of the cat,Xcn denotes
the updated position of the cat, SRD denotes the search range
of the selected dimension, and R denotes a random number
within the range 0, . . . , 1. The Xcn parameter determines the
direction of the cat’s movement.
The fitness solution (FS) measure assesses the effectiveness of
each candidate solution or cat in addressing the optimization
problem. The FS function assigns a value that reflects how
close a solution is to the optimal result, guiding the algorithm’s
exploration (seeking phase) and exploitation (tracing phase)
behaviors. Higher fitness values lead cats to promising regions
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Tab. 1. Summary of the literature review.

No. Topic Metrics Solution Limitation

[15] PSO and Lévy flight integration
Average

performance,
standard deviation

Modified particle swarm
optimization Overhead

[16]

Automatic selection of hidden
neurons and weights in neural
networks for data classification
using hybrid PSO multi-verse

optimization based on Lévy flight

Standard momentum
back propagation

and adaptive
learning rate

PSO with multi-verse
optimization using Lévy

flight
Scability issues

[17]
Quantum PSO with optimal

guided Lévy and straight flight for
solving optimization problems

Friedman rank test PSO with straight flight and
Lévy flight

High computational
cost

[18] An ant colony optimization (ACO)
with Lévy flight Throughput Elman neural network for

network optimization Slow convergence

[19]
Improving ant colony optimization
algorithm with epsilon greedy and

Lévy flight

Travelling salesman
and related problems

Ant colony optimization
algorithm with epsilon
greedy and Lévy flight

Complex

[20]
A hybrid max-min ant system by
Lévy flight and opposition-based

learning

Travelling salesman
and related problems

Ant colony optimization
with Lévy flight and

opposition-based learning

Potential convergence
instability

[21] Lévy’s flight guided modified
chicken swarm optimization

Win-tie-loss,
Bonferroni-Dunn

post-hoc, and
Wilcoxon tests

Modified chicken swarm
optimization to solve early
convergence problem of

chicken swarm optimization

Single objective
problem scenario

[22]
Artificial bee colony with Lévy

flights for parameter estimation of
3-p Weibull distribution

Machine learning
estimation tests

Artificial bee colony with
Lévy flights

Limited scalability
on high dimensional

problems

[23]

Grey wolf optimization algorithm
based on dynamically adjusting
inertial weight and Lévy flight

strategy

Standard test
functions

Grey wolf optimization with
Lévy flight

Difficulty in
balancing inertia

weight adjustments

of the solution space, allowing the algorithm to iteratively
converge on the best possible outcome [25].
In the second tracing phase, the cat is hunting its prey in the
tracing phase. The position and velocity of the prey are used
by the cat to calculate its movement speed and direction after
finding the prey while resting in the search phase [25]. The
equation for velocity of CSO’s cat k in dimension d is:

vk,d = vk,d + r1 × c1(Xbest,d −Xk,d) , (2)

where vk,d denotes the velocity of the cat k,Xbest,d denotes
the best position of the cat,Xk,d denotes the position of the
k-th cat, c1 is a constant and r1 denotes a random number
between 0 and 1.
With this velocity, the cat traverses theM -dimensional deci-
sion space and reports each new position. The new position
is determined by the following formula:

Xk,d,new = Xk,d,old + vk,d , (3)

whereXk,d,new represents the new position of the k-th cat,
and Xk,d,old represents the present position of the k-th cat.

Completion of the algorithm is determined based on the
achievement of termination conditions [26] which include
the number of iterations, progress, and time.

3.2. Lévy Flight

Lévy flight is a class of non-Gaussian random walks whose
step length is drawn from the Lévy distribution, often in terms
of a simple power law equation [27]. The simple power law
equation is given as:

L ∼ |s|−µ, 0 < µ ¬ 2 , (4)

where L is the length of the step, s is the step and µ is the
Lévy exponent, controlling the scale of the steps.
In practice, a Lévy flight step can be modeled as:

L =
rand()

| rand() |
1
µ

,

where rand() generates normally distributed random numbers
and µ controls the step size.
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Tab. 2. Group of test functions used in numerical evaluations [29].

Function Expression Dim Search range

Ackley
f1 = −20 exp

(
−0.2

√
1
d

d∑
i=1
x2i

)
−

exp
(
1
d

d∑
i=1
cos(2πxi)

)
+ 20 + exp(1)

2 −5 ¬ x ¬ 5

Drop wave f2 = −
1+cos(12

√
x21+x

2
2)

0.5(x21+x
2
2)+2

2 −5.12 ¬ x ¬ 5.12

Bukin f3 = 100
√
|x2 − 0.01x21|+ 0.01|x1 + 10| 2 −15 ¬ x1 ¬ −5,

−3 ¬ x2 ¬ 3

Three hump camel f4 = 2x21 − 1.05x41 +
x61
6 + x1x2 + x

2
2 2 −5 ¬ x ¬ 5

Matyas f5 = 0.26(x21 + x
2
2)− 0.48x1x2 2 −10 ¬ x ¬ 10

Bohachevsky f6 = x21 + 2x
2
2 − 0.3 cos(3πx1)− 0.4 cos(4πx2) + 0.7 5 −100 ¬ x ¬ 100

Sphere f7 =
d∑
i=1
x2i 2 −5.12 ¬ x ¬ 5.12

Sum squares f8 =
d∑
i=1
ix2i 2 −10 ¬ x ¬ 10

Sum of different powers f9 =
d∑
i=1
|xi|i+1 2 −1 ¬ x ¬ 1

This equation models the mixture of small, local searches
(short steps) and long-range exploration (large jumps) charac-
teristic of Lévy flight, making it useful for global optimization
in metaheuristics. Lévy flights are more efficient than Brow-
nian random walks when it comes to exploring large-scale
search spaces. There are many reasons to explain this effi-
ciency, one of which stems from the fact that the variance of
Lévy flights increases much faster than the linear relationship
of Brownian random walks [28].

4. Proposed Method

Despite the many CSO variants available in the literature, the
problems of premature convergence and generating inefficient
results continue to persist. The Lévy flight method is used
to solve these problems and enables CSO to generate more
efficient results. This method ensures that the CSO, which is
unable to perform the global search well, will enjoy better
search efficiency and will not be trapped in local minima. In
the CSO-LF method, the Gaussian random walks used in the
tracing mode are replaced with Lévy flight.

4.1. CSO-LF Algorithm

The CSO-LF follows a process similar to the original CSO in
the seeking phase. However, the movement that occurs in the
tracing phase is where the novelty of the algorithm is shown.
In the tracing phase, the new position of the cat is calculated
by:

Xk,d,new =
[
α · L(β)

]
Xk,d,old + vk,d , (5)

where α is the scaling parameter that determines the step size
in the Lévy flight and L(β) denotes a random number vector
obtained using Lévy distribution with the β exponent.
In Eq. (5), the movement taking place in the tracing phase,
which is originally powered by the Brownian random walk, is
replaced with the Lévy flight. In the Lévy flight, the step size
follows a probability distribution, which allows for occasional
long jumps [27]. The scaling parameter affects the frequency
with which longer jumps occur, and thus, it is a very important
parameter in ensuring the overall performance of the algo-
rithm. In this paper, the scaling parameter has been fine-tuned
to ensure optimal search efficiency.
The algorithm is terminated based on achieving the termina-
tion conditions. In this study, is defined by a predetermined
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number of iterations. The algorithm continues until the last it-
eration has been completed. The pseudocode of the proposed
solution is given as Algorithm 1.

4.2. Test Functions

A selection of unimodal and multimodal test functions [29]
was used to perform a numerical evaluation for the suggested
approach (as shown in Tab. 2). The functions were chosen
for their diverse shapes and scaling ability. f1, f2 and f3
are functions with many local minima, f4 is a valley-shaped
function, f5 is a plate-shaped function and f6, f7, f8 and f9
are bowl-shaped functions.
The initial population was generated from a uniform distri-
bution across the search space, proportional to its specified
boundaries. Table 2 provides the range limits for all functions.
The maximum iteration count was set to 100 for a population
size of 50.
The numerical evaluations were carried out in five trials,
with each trial producing a set of optimization results. For
each function, three key metrics were recorded: the best, the
worst and the average best solutions in the five trials. Here,
the “worst” outcome represents the highest (least optimal)
function value obtained in any of the five tests, indicating
the algorithm’s most unfavorable performance. This metric
provides information on variability and resilience under less
favorable conditions. These metrics were then ranked using

Algorithm 1 Pseudo-code for cat swarm optimization with
Lévy flight (CSO-LF)

1: Initialize parameters
2: α = scaling parameter (step size in Lévy flight)
3: β = Lévy distribution exponent
4: Number of cats (agents), iterations, dimensions
5: Initialize positionsX[k][d] and velocities v[k][d] for each

cat
6: while stopping condition is not met do
7: for each cat k do
8: if in the seek phase then
9: Perform the seek phase

(according to the standard CSO)
10: else in the tracing phase
11: for each dimension d of the cat k do
12: Generate a random vector L(β)
13: Compute a new position:
14: X[k][d]new =

(
α · L(β)

)
·

X[k][d]old + v[k][d]
15: end for
16: Update the cat position X[k] with X[k]new
17: end if
18: end for
19: Update velocities v[k][d] based on the new position
20: Evaluate the fitness of each cat’s new position
21: Identify and update the best position found so far
22: end while
23: Output the best position found and its fitness value

Tab. 3. Notations used.

Notation Description

G Topology of the given network
V Set of all switches

E
Set of all links that connect the switches

together

φs,d
Set of all feasible paths for switch pair

vs and vd
I Initial population
F (k) Fitness function of the k-th cat

Putilizationk
Time it takes for a packet to be transmitted

on the k-th path
Pcongestionk Available bandwidth on the k-th path

a standard competition ranking system, where lower scores
in the specific categories indicate more effective algorithms.

4.3. Network Modelling

The proposed CSO-LF is modeled as a load balancing prob-
lem that was equated to find the path with the least cost in the
SDN environment whose parameters are shown in Tab. 3.
From the data plane perspective, the topology of the network
can be modeled by:

G = (V,E) , (6)

where V is a set of switches, given by V = v1, . . . , vn with
n = |N | and E is a set of links that connect the switches to
each other, given by E = e1, . . . , em withm = |E|.
The algorithm seeks to minimize path utilization Putilization
and path congestion Pcongestion of a given topology. Based
on the condition above, the objective function is designed,
namely:

Fitness function = min(Putilization × Pcongestion) , (7)

In CSO-LF, the SDN controller first generates, randomly, the
initial population, i.e. a set of cats. The position of each cat,
which is a possible and available path, consists of a set of
switches that can connect the sender side and the receiver
side. This is defined by the following:

C =
{
ck | ck ∈ φ(s,d), (s, d) ∈ V

}
, ∀k, k = 1, . . . ,K, (8)

where φ(s,d) is a set of all feasible paths for each pair vs and
vd.

Tab. 4. Network topologies used in evaluation.

Mesh topology Fat tree topology

10 switches, 10 hosts 20 switches, 16 hosts

20 switches, 20 hosts 45 switches, 54 hosts

30 switches, 30 hosts 80 switches, 124 hosts

40 switches, 40 hosts 125 switches, 250 hosts

50 switches, 50 hosts 180 switches, 432 hosts
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Fig. 2. Test topologies: a) mesh and b) fat tree.

Each path is made up of switches Vk and links Ek, where
Vk = {vi|vi ∈ ck} is the set of switches in cluster ck and
Ek = {ei,j |ei,j ∈ ck} is the set of links in cluster ck.

After initialization, the fitness value is calculated for each
initialization condition. In this paper, a fitness function cor-
responding to path utilization and congestion is taken into
consideration.

Let us assume that the generated initial population is I , such
that I = p1, p2, . . . , pk, the fitness function of cat k is given
as:

F (k) = min
(
Putilizationk × Pcongestionk , k ∈ C

)
, (9)

where Putilizationk defines how long a packet awaits to be
transmitted on the k-th path denoted by:

Putilizationk =
λk
µk
, (10)

This provides a good cost metric, since it is low for low
loads and goes to infinity for very high loads. Pcongestionk
defines the available bandwidth of the path and is inversely
proportional to its bandwidth, denoted by:

Pcongestionk =
1

Pbandwidthk
. (11)

The CSO-LF algorithm uses a swarm of cats to perform
a search for the possible path, with each cat representing
a candidate path. The algorithm iteratively updates the posi-
tion of each cat based on a Lévy flight step. The new position
is chosen from the list of possible paths based on the fit-
ness of the new position. If the fitness of the new position is
greater than the fitness of the current position, the cat moves
to the new location. This process continues until the assumed
number of iterations is reached.

4.4. Implementing CSO-LF Generated Paths in SDN

In SDN environments, after the CSO-LF algorithm has deter-
mined the best path for network traffic, the selected path must
be implemented as flow entries in the switches controlled by
the SDN controller. This process involves several steps:
• Path encoding and flow rule generation. The path se-

lected by the CSO-LF algorithm needs to be encoded into
a series of flow rules. Each flow rule specifies how the
network traffic that satisfies certain criteria should be treat-
ed. Typically, these flow rules include such information
as source and destination addresses, ports, and quality-of-
service requirements.
• Flow table update. The SDN controller processes the re-

ceived flow rules and updates the flow tables of the relevant
switches. Flow tables are used by switches to determine
how to forward network traffic. The SDN controller in-
stalls the new flow entries in the switches along the selected
path. If necessary, it may also remove any old flow entries
associated with the previous path.
• Flow table matching. When network traffic arrives at

a switch, the switch examines its flow table to determine
how to handle the traffic. The switch matches the incoming
packets with the installed flow rules. If a match is found,
the switch takes the specified action, such as forwarding
the traffic along the path defined by the flow rule.
• Packet forwarding. In the next step, network traffic is

forwarded by the switches along the path defined by the
flow rules. Switches ensure that traffic follows the chosen
path, and can also perform such actions as quality of
service (QoS) shaping, security checks, and other functions
specified by the flow rules.
• Dynamic path adaptation. In SDN environments, network

conditions and requirements may change. Therefore, the
SDN controller continuously monitors the network and can
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Fig. 3. Convergence plots for the three algorithms for an initial population of 50 agents in 100 iterations.

dynamically adapt flow entries if needed. If the controller
detects changes in the network, it can recalculate paths
(using the CSO-LF algorithm), generate new flow rules,
and update switches to reflect these changes.

By following these steps, the selected path generated by the
CSO-LF algorithm is implemented in the SDN network. This
dynamic and software-driven approach to path selection and
flow rule management is one of the key advantages of SDN, as
it facilitates efficient traffic engineering and offers adaptability
in response to changing network conditions.

4.5. Configuration and Setup

The software environment used for the CSO-LF experiment
is the Python 3.8.10 programming language. Other parameter
settings of the algorithm include: SMP = 2, CDC = 1, SRD
= 0.1, SPC = false, MR = 0.67. The parameters of the Lévy

component include β = 1.5 and α = 0.2. SDN simulations
were conducted in the Oracle VM VirtualBox 6.1 hypervisor
with a Linux Ubuntu (64-bit) operating system, Mininet
emulator, RYU controller, and an OpenFlow communication
protocol.

Two different network topologies of different sizes were used
to test the proposed method: mesh and fat tree topology.
These topologies were chosen for their different behaviors
and logical arrangements.

The mesh topology provides high redundancy and fault toler-
ance, while the tree topology offers hierarchical organizational
design, fault tolerance, and high-level scalability.

Figure 2 shows the different topologies connected to a central-
ized controller, while Tab. 4 shows different topology sizes
used to test the proposed algorithm.
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4.6. Performance Evaluation Method

In this research, latency and network throughput are consid-
ered to be key performance metrics. Throughput represents
the rate at which data is successfully transferred from a source
to a destination over a communication channel [28]. The equa-
tion to calculate throughput is:

Throughput =
Amount of data transferred

Time taken
. (12)

Latency, also known as delay, refers to the time it takes a data
packet to travel from its source to its destination. It includes
various components, such as transmission delay, propagation
delay, queueing delay, and processing delay. The equation
for calculating latency depends on the specific components
involved in the process, but may be simplified as:

Latency = Transmission delay+ Propagation delay

+ Queuing delay+ Processing delay
. (13)

5. Results and Discussions

In this section, the experimental results of the proposed
methodology are analyzed and its performance is evaluated.

5.1. CSO-LF

Three algorithms (i.e., CSO, PSO, and CSO-LF) are taken
through the optimization process for the chosen test functions.
In Tab. 5, the results of numerical experiments are displayed.
The results indicate that CSO-LF consistently achieves the
highest precision across all the test functions, especially
in Ackley, three-hump camel, Bohachevsky, sphere, sum
squares, and sum of different powers. It excels in locating
positions closest to the global minima with low scores, show-
casing superior convergence. In general, CSO-LF emerges as
the most accurate algorithm. This comparison suggests that
CSO-LF is the most effective solution for optimization tasks
that require a high degree of accuracy.
Figure 3 presents a collection of graphs comparing the con-
vergence properties of all three algorithms. The plots depict
the best optimization outcome after five trials.
The proposed approach, which converges within a compara-
tively smaller number of iterations, outperforms the other two
algorithms (CSO and PSO), according to the convergence
plots.

5.2. CSO-LF in SDN

The performance of CSO-LF in SDN is evaluated using la-
tency and throughput metrics across two different topologies.
The best-performing algorithm should have the lowest laten-
cy and the highest throughput. In Fig. 4a, it was observed that
CSO-LF generally underperformed in terms of latency, but
Fig. 4b shows it outperformed the original CSO as far as the
throughput measure is concerned.
In Figs. 4c–d, one may see that CSO-LF outperformed CSO
in terms of latency and throughput, while Fig. 4a shows that
the proposed method had the highest latency. This is because
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Fig. 4. Simulated latency and throughput results of the three algo-
rithms for: a-b) mesh topology and c-d) fat tree topology.

in a small-scale network, the distances between nodes are
relatively short. However, Lévy flights have occasional long
jumps, which may cause a search to go beyond adjacent nodes
and take a considerable amount of time to locate the optimal
path for transmission of a packet – hence the higher latency.
Furthermore, PSO recorded the lowest latency, highlighting
its potential use case in relatively smaller networks.
From Fig. 4b, it was also observed that the proposed method
had a lower throughput varying between 10 and 20 hosts, but
its value became higher as the number of hosts increased.
Again, Lévy flight steps take more time to converge to an
optimal solution in smaller networks due to the initial explo-
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Tab. 5. Comparison between CSO-LF, CSO, and PSO based on their positions and scores.

Function Algorithm Best score Best position Worst score Worst position

Ackley
CSO-LF –9.46 [ 2.6E–08, 6.9E–13] 3.58 [–8.19, –3.67]

CSO –8.46 [6.28, 6.28] 3.49 [–7.52, –2.99]
PSO –8.46 [6.28, 6.28] 3.31 [–3.96, 8.13]

Drop wave
CSO-LF –1.00 [–7.07E–15, –9.58E–13] –0.01 [–0.25, 0.66]

CSO –0.79 [0.18, 0.67] –0.05 [0.60, 4.74]
PSO –0.79 [–0.09, 0.06] –0.01 [ 3.73, –7.32]

Bukin
CSO-LF 0.10 [6.43E–19, –3.45E–20] 64.00 [–0.11, 0.41]

CSO 0.24 [9.99, 0.99] 235.6 [7.66, –4.96]
PSO 0.20 [10.00, 1.00] 46.98 [15.60, 2.21]

Three hump camel
CSO-LF 7.76E–34 [–2.76E–19, –2.78E–17] 140 779 [–9.83, 5.79]

CSO 9.30E–08 [1.02E–04, –3.24E–04] 148 414 [9.92, –1.84]
PSO 1.06E–25 [2.47E–13, –1.32E–13] 18 325 [7.07, –3.21]

Matyas
CSO-LF 1.06E–31 [–2.36E–21, 6.38E–16] 0.22 [–0.09, –0.05]

CSO 4.27E–05 [–0.01, –0.01] 123.87 [8.68, –9.85]
PSO 3.83E–18 [4.03E–09, 2.73E–09] 3.26 [–4.62, –2.87]

Bohachevsky
CSO-LF 0.0 [–2.80E–27, –2.05E–28] 0.60 [–0.56, –0.07]

CSO 1.23E–10 [2.23E–06, –1.24E–06] 171.16 [7.65, 7.48]
PSO 0.0 [–1.36E–09, 1.23E–09] 59.59 [2.19, –5.20]

Sphere
CSO-LF 1.11E–24 [1.57E–14, –1.05E–12] 2.36 [0.93, –0.61]

CSO 7.73E–06 [–0.01, 0.01] 121.58 [4.77, –5.93]
PSO 2.23E–17 [2.06E–09, 1.99E–10] 82.70 [3.04, 1.69]

Sum squares
CSO-LF 1.69E–20 [ 4.33E–11, 1.29E–15] 976.26 [–1.72, 8.39]

CSO 2.71E–06 [–0.01, 0.01] 703.72 [1.32, 7.91]
PSO 1.42E–17 [–2.87E–10, 5.55E–10] 323.38 [0.19, 1.11]

Tab. 6. Average performance for mesh and fat tree topologies.

Topology Latency [ms] Throughput [Gbps]

C
SO

-L
F

C
SO PS

O

C
SO

-L
F

C
SO PS

O

Mesh 9.50 8.37 6.82 25.26 22.50 16.85
Fat tree 5.48 11.51 13.16 27.27 23.40 23.02

Tab. 7. Percentage difference in performance between CSO-LF and
CSO.

Topology Latency Throughput

Mesh –32.84% 39.94%
Fat tree 82.40% 16.90%

ration phase, which can result in lower throughput during this
convergence period. In larger networks, the algorithm has
more opportunities to explore and discover better paths, and

Tab. 8. Percentage difference in performance between CSO-LF and
PSO.

Topology Latency Throughput

Mesh –12.65% 11.56%
Fat tree 70.98% 15.28%

the convergence phase may be shorter relative to the size of
the network, leading to larger throughput values.
Tables 7–8 show the percentage differences in performance
between CSO-LF and two other optimization algorithms,
CSO and PSO, across two network topologies.
In the mesh topology, CSO-LF’s latency is 12.65% higher
compared to CSO, indicating that CSO performs better in
terms of latency in this topology. In terms of throughput,
CSO-LF shows an 11.56% improvement over CSO, suggest-
ing that CSO-LF achieves higher throughput in the mesh
topology. In the fat tree topology, the percentage differences
are more substantial. CSO-LF exhibits a significantly lower
latency (70.98%) compared to CSO, indicating a substan-
tial improvement in latency performance. For throughput,
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CSO-LF also shows a 15.28% improvement over CSO in the
fat tree topology, although the difference is not as significant
as in the case of latency.

In the mesh topology, CSO-LF shows a latency that is 32.84%
higher compared to PSO, indicating that PSO performs bet-
ter in terms of latency in this network topology. However,
in terms of throughput, CSO-LF demonstrates a substantial
improvement (39.94%) over PSO, suggesting that CSO-LF
achieves significantly higher throughput in the mesh topology
compared to PSO. In the fat tree topology, CSO-LF again ex-
hibits a significant improvement over PSO, with a difference
of 82.40% in terms latency and 16.90% in terms of through-
put. This indicates that CSO-LF outperforms PSO by a large
margin, both in terms of latency and throughput, in the fat
tree topology.

In general, the latency increased and the throughput decreased
with increasing network size. However, CSO-LF generally
shows superior performance compared to CSO and PSO in
terms of both latency and throughput. The analysis reveals that
the proposed method exhibits lower latency, resulting in faster
response and reduced data transmission delays. Additionally,
it achieves higher throughput, enabling more efficient data
transfer and improved network capacity utilization.

6. Conclusions

This research introduces CSO-LF as a prospective solution
for tackling optimization problems, particularly in SDN link
load balancing. While CSO demonstrates rapid convergence,
making it ideal for applications requiring quick respons-
es, its vulnerability to become stuck in local optima poses
a limitation. CSO-LF addresses this issue by integrating the
Lévy flight technique, thus augmenting search optimality
and offering improved performance in navigating complex
optimization landscapes.

The proposed method was evaluated on nine popular func-
tions. The numerical results showed that CSO-LF achieved
the best scores in terms of the best and worst positions. When
implemented in SDN for link load balancing, CSO-LF record-
ed a lower latency and a throughput that was 15.28% higher
compared to CSO, and latency that was 82.40% lower when
compared to PSO in the fat tree topology. Its versatility sug-
gests potential applications in controller placement, virtual
network mapping, flow entry optimization, and signal pro-
cessing.

Future research efforts should consider investigating the scal-
ing parameter, which plays a pivotal role in determining Lévy
flight step sizes. Furthermore, CSO-LF’s application to solve
various networking optimization challenges beyond load bal-
ancing should be explored as well, and comparative studies
with other algorithms should be conducted for broader vali-
dation. Evaluation of its scalability and performance in even
larger and more complex network environments (such as
multicontroller scenarios) is crucial for real-world use.
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Abstract  The coordinate rotation digital computer (CORDIC)
algorithm is a popular method used in many fields of science
and technology. Unfortunately, it is a time-consuming process
for central processing units (CPUs) and graphics processing
units (GPUs), and even for specialized digital signal process-
ing (DSP) solutions. The CORDIC algorithm is an alternative
for Newton-Raphson numerical calculation and for the FPGA
based resource-expensive look-up-table (LUT) method. Var-
ious modifications of the CORDIC algorithm allow to speed
up the operation of hardware in edge computing devices. With
that context taken into consideration, this article presents a fast
and accurate square root floating point (SQRT FP) CORDIC
function which can be implemented in field programmable gate
arrays (FPGAs). The proposed algorithm offers low-complexity,
decent accuracy and speed, and is sufficient for digital signal
processing (DSP) applications, such as digital filters, accelera-
tors for neural networks, machine learning and computer vision
applications, and intelligent robotic systems.

Keywords  computer vision, CORDIC algorithm, FPGA, numer-
ical methods, reconfigurable computing systems

1. Introduction

The current methods by means of which the square root
(SQRT) calculation approach is implemented in hardware
continue to suffer from numerous drawbacks that limit their
practical use. Software developers and researchers of many
real-time DSP applications face challenges related to compu-
tational accuracy and speed [1], as well as optimization of
hardware resources required to run square root algorithms [2].
In the Newton-Raphson numerical method that is common-
ly used for computing the square root, the precision level
depends on the initial guess and requires significant compu-
tational resources, due to its reliance on iterative multiplica-
tion [3], [4].
Alternative multiplicative methods have a quadratic type
of convergence, and thus may speed up the computation
process. These methods perform a number of iterations of
a fused multiply-add (FMA) operation, with the latency of
a single FMA being in the range of 3 and 6 cycles [5]. For
a low-precision SQRT computation, look-up table or low-
degree polynomial approximation methods can be applied [1].
However, high demand for FPGA resources is an additional
disadvantage here. This problem has been partially solved

by iterative or digit-recurrence methods presented in [6], [7],
which are characterized by linear convergence.
In order to overcome the abovementioned issues, the coor-
dinate rotation digital computer (CORDIC) algorithm was
proposed [8]–[10].
The main drawback of the CORDIC method [11], [12] is
its low speed resulting from the use of linear convergence,
where only one correct bit of the result per iteration is given.
The number of iterations depends on the precision of the
required data. Therefore, latency is a main research problem,
especially when the algorithm operates on large bit-width
vectors [13].
To simplify hardware implementation, a CORDIC method
with angle recoding has been proposed in [7], [10], reduc-
ing computational complexity to two iteration equations only.
Other articles focus on improving the speed of the method, i.e.
reducing the number of iterations, proposing hybrid structures
that use, sequentially, three different methods: table-based +
CORDIC + piece-wise linear multiplication (linear approxi-
mation) [5], [14]–[17].
Another proposal to accelerate the CORDIC algorithm con-
sisted in the introduction of the pre-rotation technique [13].
Moreover, this algorithm can be executed in various forms:
classical [12], using higher-order iterative formulas [16], [18],
without recoding [13], and with angle recoding [19], [20].
The simplest solution – in terms of hardware implementation
– is CORDIC with angle recoding [10], [18]. However, a sig-
nificant drawback lies in the large amounts of memory (LUT
type) required for large values ofm (a table of size not less
than 2m3 ×m bits is needed). Furthermore, the output multi-
pliers are implemented in the {-1, 1} basis, preventing the
use of multipliers that are part of the DSP blocks in modern
FPGA devices.
The CORDIC algorithm is widely applied to calculate various
mathematical functions, including SQRT [4], [10], [21]. An
example of the application of the new numerical method for
SQRT calculations is presented in [22], where an efficient
design of a Kalman filter is implemented. The authors plan
to apply the CORDIC algorithm to improve digital filters for
telecommunications applications. Thus, we have the intention
of developing further effective methods for the calculation
of trigonometric functions using the CORDIC style. The
said algorithm can also be relied upon to calculate nonlinear
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functions, such as th(x), which are useful for implementing
neural networks. Its other applications include low-resource
microprocessors without the floating point unit (FPU), as our
algorithm converts from floats to integers and all calculations
are executed on integer-type numbers, with the result them
being converted back to the floating point type.
The goal of this work is to propose a new efficient SQRT
floating point type CORDIC algorithm with low latency and
moderate FPGA resource requirements. Our proposal utilizes
an original methodology of converting floating numbers to
integers and vice versa, in order to optimize the use of FPGA
hardware resources and to improve calculation efficiency.
The article is organized as follows. Section 2 reviews various
methodologies and hardware implementations of square root
algorithms. Section 3 introduces the proposed methodology.
Section 4 introduces the proposed algorithm and describes
the details of the FPGA implementation, while Section 5
presents and discusses the results achieved with the use of
our solution. Section 6 presents the conclusions.

2. Related Works

The CORDIC concept was introduced by Volder in 1959
[12], then the solution was extended to calculate elementary
functions, including the square root [16]. CORDIC owes its
low hardware resource-related requirements to the fact that
one iteration may be performed using basic shift and addition
commands. A low-complex design methodology is introduced
in [4] for the computation of square root (

√
x) and division

(xz ) using circular CORDIC reuse. This method reduces the
area overhead for biomedical applications. Here, the square
root is computed using the derivative Newton-Raphson (NR)
formula, and a technique consisting in dividing input x into
different segments is applied. Solutions [4], [23] also perform
micro-rotations to predict rotation directions.
Paper [23] proposed a pipeline-parallel unified CORDIC ar-
chitecture to perform square root computing and several basic
functions using floating point numbers. Article [24] proposes
a complex square root computation method independent of
angle in the CORDIC style.
Article [11] presents the advantages of the square root
CORDIC radix-10 FPGA implementation method. The solu-
tion covers both fixed- and floating-point versions with differ-
ent reconfigurable number of digits, thus different precision
versions – according to IEEE 754-2008 standard – are imple-
mented. Therefore, the number of iterations is configurable
(13–25). The authors of [25] redesigned the core that employs
an iterative non-restoring algorithm that converges closer to
the result after every iteration. Articles [9], [11], [18], [26]
described the advantages and disadvantages of the various
radix-2, radix-4 and radix-10 CORDIC algorithms. These so-
lutions reduce the number of iterations and thus can speed up
the calculation process [16], [18].
Article [21] proposes the radix-4 CORDIC algorithm for
computing roots and powers of various orders. This solution
is divided into three phases, where each stage is completed by

a different class of the modified radix-4 CORDIC algorithm.
The degree of complexity is reduced by precomputing the
scale factor for initial iterations and by employing scaling-free
rotations for later iterations. Other papers [27], [28] describe
precomputation of rotation direction to achieve a latency
improvement, using the radix-4 architecture.
The CORDIC IP core v6.0 developed by Xilinx [29] imple-
ments a generalized CORDIC algorithm to iteratively solve
trigonometric equations, hyperbolic and square root equa-
tions, etc. There are two architectural configurations available:
a fully parallel configuration with single-cycle data through-
put at the higher expense of silicon die size, and a word serial
implementation with multiple-cycle throughput, but with the
advantage of low silicon usage.
Alternatively, paper [10] incorporates the square root function
into the existing FP multiplication/division fused unit to
reduce the hardware resources required. The Taylor series
expansion algorithm with powering units, which exhibits the
highest performance, was implemented in the hardware.
A parallel CORDIC core with N bit output width has a la-
tency of N cycles and produces a new output every cycle.
A word serial CORDIC core with N bit output width has
a latency of N cycles and produces a new output every N
cycles. In practice, the CORDIC square root function of the
Xilinx IP core generator can be useful for the estimation of
the DC motor rotor flux [10], [28]. For FPGA implementa-
tion, tools provided by FPGA providers are presented in [13].
For example, the Xilinx System Generator (XSG) simulation
tool was applied that can easily make the direct translation
into hardware of control algorithms without knowing any
hardware description language (HDL) for implementing solu-
tions developed in [13]. This is a high-level tool for designing
high-performance DSP systems in the Simulink environment.
Similarly, our methodology uses the Xilinx Vitis HLS tool
to optimally translate the proposed algorithm into HDL C
language. In such a method, the hardware implementation is
optimal for any FPGA chips and knowledge of the details of
the FPGA architecture is not required.

3. Description of the Proposed Method

In this Section, the application of the CORDIC algorithm
for calculating the floating-point square root is described
and the open-source code is provided. All known CORDIC
square root implementations have been used for integer or
fixed point [8]–[10], [14], [26] calculations. The proposed al-
gorithm effectively combines such techniques as convert fpx
into an integer i, splitting integer i into a mantissa and an ex-
ponent, using the fast bitwise masking operation & (instead
of the slow frexpf), combining the converted mantissas and
exponents of the result into one number using the same fast
bitwise operation (instead of slow ldexpf). It should also be
noted that the high accuracy and speed of our algorithm are
obtained without the use of the pace-hindering correct round-
ing operation. Other advantages include the lack of division
operations and the presence of only one multiplication opera-
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! i2 ! i2
+ +

+++

– i1 ± di1 – i2 ± di2

di1=i2>>j di2=i1>>j

j=2 ... 12, if (j==4) 2× executed: j=2 ... 12, if (j==4) 2× executed:

i1

i1

i1

i2

i2

i2

i1–di1 i2–di2

di2 = i1 >> 1 di2 = i1 >> 1

<< 3 << 3

l_m l_mi_m>=0x00800000 i_m>=0x00800000i_m <0x00800000 i_m<0x00800000

8388608 8388608i_m

i_m

i_m<<1

25165824

i_m0<<3

i_m0

23 digits of initial mantissa are reserved: 
i_m0 = i & 0x007FFFFF; 

and normalized due to the input range 
of x(i_m):  

i1 = (i_m + const.) << a; 
i2 = (i_m0) << a;

The x value of the oat type is read 
as a sequence of bits, which we then write 

as an integer: 

 i = *( *)&x; int int

Vector is rotated

Scaling the obtained result: 
I1 = (int)((40516878 * (int64_t)i1) >> 23 

Calculated Mantissa 
i = (i1 >> 6) – 0x800000;

 8 bits for exponent are reserved:  
 I_exp = i_exp & 0x7f800000;   
Mantissa is combined together 
with exponent into one number:  

I_exp |= I; 
All the result is converted back into oat:   

y = *(oat*) & i_exp; 

Fig. 1. Low-latency square root CORDIC algorithm.

tion to scale the result. Moreover, the algorithm achieves the
expected accuracy in the entire range of normalized floating-
point numbers. In this article, we use the following approach
to calculate the square root of floating-point numbers [30].
IEEE-754 floating point formats are as follows:

−1Sx ·Mx · 2ex−bias. (1)

where, for the square root function, Sx = 0.
Therefore, it is worth noting that we will use exclusively a bi-
ased exponent ex, and mantissaMx ∈ [1, 2). For computing
a square root, we have to represent argument x by two sepa-
rate numbers – exponent and mantissa. Next, the operation
presented in Eq. (2) or Eq. (3) is performed:

√
Mx 2

ex−bias
2 , if ex − bias is an even number (2)

and:
√
2Mx 2

ex−bias−1
2

=
√
2
√
Mx 2

ex−bias−1
2 , if ex − bias is an odd number .

(3)

From these formulas, one may conclude that the mantissa must
be placed in two intervalsMx ∈ [1, 2) and 2Mx ∈ [2, 4). It
can be seen from the above equations that it is necessary to
calculate the square root of mantissaMx. For this reason, we
suggest using the CORDIC algorithm. The classical CORDIC
algorithm for calculating the square root gives the following
equations (vector mode):
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xi+1 = xi − σi yi 2−i (4)

yi+1 = yi − σi xi 2−i

x0 =Mx + 0.25, y0 =Mx − 0.25

Mx ∈ [0.03, 2.33]

√
Mx ≈ xm+1P ′

where P ′ is the scaling factor, taking into account the rep-
etitions of some iterations (4.4 and 13.13 for example). We
have observed that from Eq. (5). It is necessary to expand the
range of values toMx ∈ [1, 4) instead of 0.03–2.33. There-
fore, we proposed to change the constant from 0.25 to 1.0. In
this case, we have:

x0 =Mx + 1, y0 =Mx − 1 , (5)

√
4Mx ≈ 2xm+1 P ′ .

In the proposed algorithm, all conversions must be performed
in the integer format, as required by CORDIC. The main
steps of the new algorithm are presented in Fig. 1 and are
summarized as follows:
1) Input argument x is given as a single precision floating

point number.
2) x is converted into integer i.
3) Using 0x7f800000 and 0x00ffffffmasks, i is split into

two parts: biased exponent i_exp and im – the fractional
part of the mantissa with the youngest bit of the biased
exponent acting as the oldest bit of the mantissa. This bit
indicates which range of the mantissa is considered:Mx
or 2Mx. If im ­ 0x00800000, then the mantissa is in the
[1, 2) range, otherwise in the [2, 4) range.

4) This allows us to set the appropriate values of the exponent
of the result – see Eqs. (2) and (3).

5) The initial values of numbers i1 and i2 are introduced,
corresponding to variables x0 and y0 of the CORDIC
algorithm for SQRT calculation; see Eq. (5). Depending
on the range of the mantissa,Mx or 2Mx, these are the
initial values of x0 and y0. These constants are the newly
proposed elements of the presented algorithm.

6) In addition, in the CORDIC algorithm, three additional
bits are used to increase the accuracy of calculating the
square root of the mantissa, up to the available 23-24 bits
of mantissa available in float-type numbers.

7) The result obtained is scaled by integer multiplication:
(int)((40516878 ∗ (int64t)i1) >> 23).

4. Proposed Algorithm
The aforementioned methodology is implemented in the
algorithm presented in Fig. 2.

float Sqrt_Cordic_1 (float x)

{ float y;            
 int32_t i_m, i_exp;
 int32_t i, i1, i2, i_m0, i_m1, di1, di2,j;
 i = *(int*)&x;
 i_exp = i & 0x7f800000;
 i_m = i & 0x00ffffff;
 i_m0 = i & 0x007fffff;
  if (i_m>= 0x00800000){
      i1=(i_m+8388608)<<3; i2=i_m0<<3}
     else{i1=((i_m<<1)+25165824)<<3;
       i2=((i_m<<1)+ 8388608)<<3;}
  di1 = (i2 >> 1); di2 = (i1 >> 1);
  i1 = i1 - di1; i2 = i2 - di2;
 for (j = 2; j <=12; j++ )
  {di1 = (i2 >> j); di2 = (i1 >> j);
  if (i2 >= 0) { i1 = i1 - di1; i2 = i2 - di2;}
     else { i1=i1+di1; i2=i2+di2; }
  if (j= =4){ di1 = (i2 >> j); di2 = (i1 >> j);
    if (i2 >= 0) { i1 = i1 - di1; i2 = i2 - di2;}
      else { i1=i1+di1; i2=i2+di2; }
  }
  }
i1 = (int)(( 40516878* (int64_t)i1)>> 23) ;
i=(i1>>6)- 8388608;
i_exp=(i_exp + 0x3f800000)>>1;
i_exp = i_exp &0x7f800000;
i_exp |= i;
y = *(float*)&i_exp;
  return y;
}

Fig. 2. Square root floating-point function algorithm.

The proposed floating point CORDIC function was imple-
mented on several families of FPGAs. For this purpose, the
Xilinx Vitis HLS automatic synthesis and implementation
software were used, generating Verilog code at the RTL lev-
el. The project was implemented by utilizing basic FPGA
resources, such as LUT-based logic, multipliers from DSP
blocks, flip-flops (FFs), etc.
The algorithm generates results from 2 clock cycles for the
fastest FPGAs (i.e. Versal, Virtex-7 Ultra Plus, Kintex-7 Ultra
Plus), up to 8 clocks for the slowest FPGA Spartan-7. The
CORDIC function written in C, as presented in this paper, is
easily implementable on FPGA chips and requires a small
amount of resources.
The Xilinx FPGA 7 family is optimized for low-power ap-
plications requiring serial transceivers, fast DSP and high
logic throughput. The logic is based on real 6-input LUT
technology, configurable as distributed memory. DSP slices
are designed with a 25×18 multiplier, a 48-bit accumula-
tor, and a pre-adder for high performance filtering, including
optimized symmetric coefficient filtering [31].
The Artix-7 family includes up to 215 K logic cells, 13 Mb
RAM block, and 740 DSP slices. The more sophisticated
families, i.e. Kintex-7 and Virtex 7, include: in the case of
Kintex-7 – up to 478 K logic cells, 34 Mb RAM block, and
1920 DSP slices. In the case of Virtex-7 – up to 1955 K logic
cells, 68 Mb RAM block, and 3600 DSP slices.
The AMD Xilinx Zynq UltraScale+ MPSoC family is based
on the UltraScale MPSoC architecture. This series integrates
a 64-bit quad-core or dual-core Arm Cortex-A53 and dual-
core Arm Cortex-R5F-based processing system (PS) and
Xilinx programmable logic (PL) UltraScale architecture in
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Tab. 1. Results of logic synthesis of SQRT FP CORDIC using Xilinx Vitis HLS tool.

FPGA T [ns] No. of
cycles No. of DSP No. of LUT LUT usage No. of FF FFs usage

Artix-7 70 7 3 2878 6.7% 642 35.96%
Kintex-7 50 5 3 2870 7.00% 493 0.60%

Kintex-7U 40 4 2 2871 0.43% 395 0.03%
Kintex-7 UP 20 2 2 2860 1.76% 252 0.08%

Spartan-7 80 8 3 2886 36.06% 697 4.63%
Virtex-7 50 5 3 2870 1.40% 438 0.11%

Virtex UP 20 2 2 2860 0.72% 155 0.02%
Zynq-7000 70 7 3 2878 16.35% 607 1.72%

ZynqUP 30 3 2 2866 3.26% 269 0.15%
Versal 20 2 2 2698 2.40% 230 0.01%

Tab. 2. Results of FPGA implementation of SQRT FP CORDIC by Xilinx Vitis HLS.

FPGA T [ns] No. of
cycles

No. of
DSP DSP usage No. of

LUT
LUT
usage No. of FF FF usage

Artix-7 70 7 4 8.88% 982 12.28% 416 2.60%
Kintex-7 50 5 4 1.70% 862 2.10% 262 0.32%

Kintex-7U 40 4 2 0.04% 862 0.13% 210 0.02%
Kintex-7 UP 20 2 2 0.15% 1042 0.64% 199 0.06%

Spartan-7 80 8 4 20.00% 976 12.2% 464 2.9%
Virtex-7 50 5 3 0.27% 861 0.42% 232 0.05%

Virtex UP 20 2 2 0.09% 858 0.22% 82 0.01%
Zynq-7000 70 7 4 5.0% 1099 6.24% 468 1.33%

ZynqUP 30 3 2 0.27% 905 1.03% 136 0.08%
Versal 20 2 2 0.1% 810 0.72% 122 0.007%

a single device. Also included are on-chip memory, multiport
external memory interfaces, and a large set of peripheral
connectivity interfaces. The Zynq UltraScale+ MPSoC family
includes up to 1.14 M logic cells, in particular 522 K CLB
LUT, 1 M CLB flip-flops, 984 Mb RAM block, and 2 M DSP
slices [32].

5. Achieved Results

The maximum negative and positive errors achieved by the
proposed method are –1.7001956E–07 and 1.0053241E–07,
respectively. Additionally, we can observe four special cases
for normalized numbers:
– zero x = 0.0; y = 7.6664669522108749E–20,
– min x = 1.175494210692441075487029E–38; y =
1.0842021078620191E–19,

– max x = 3.402823466385288598117042E+38, y =
1.8446742974197924E+19,

– x =∞; y = 1.8446744073709552E+19.

We checked the relative errors over the full range of nor-
malized single-precision floating-point numbers using the
nextafterf() function for the C++ code of our algorithm,
comparing the results with the sqrt function of the cmath li-
brary. nextafterf(a,b) is a function defined in the C++ cmath
library. Return the next representable value after x in the y
direction. The relative error was calculated as:

dr = (double)
y√
x
− 1 .

The y results from the C++ code were compared with the
results obtained in FPGA – the integer number results were
always the same.
Table 1 presents the execution time of the proposed square root
floating point (FP) CORDIC algorithm and FPGA resources
utilized after logical synthesis on the chips. Table 2 collects
the same results after FPGA implementation by means of
the Xilinx Vitis HLS tool that provides optimization of the
resources used.
First, one of the widely used FPGA Artix-7 chips was chosen.
The clock frequency was set to a default value of 100 MHz,
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because many other FPGAs can operate at this frequency.
This makes it easier to compare the achievements of FPGAs
originating from different families. The execution time and
the resources used after the logical synthesis using the Xilinx
Vitis tool for Artix-7 are presented in Tab. 1. Our floating
point CORDIC function required 7 clock cycles to generate
output, i.e. 70 ns.
Implementing the proposed function on the smallest available
chip of the Artix-7 family (xc7a12t-cpg238-3) required
4 (8.8%) built-in DSP blocks, 982 (12.28%) LUTs, and 416
(2.6%) flip-flops. Xilinx does not disclose the results of the
own implementation of the CORDIC v. 6.0 IP on Artix-7
FPGAs [29].
Next, the Kintex-7 FPGA was tested. The proposed function
took 5 clock cycles (50 ns) to complete. Implementation
of the algorithm on the smallest chip of the Kintex-7 family
(xc7k70t-fbv676-3) required 4 (1.7%) built-in DSP blocks,
862 (2.10%) LUTs, and 262 (0.32%) flip-flops. According
to Xilinx [29], their square root in CORDIC IP occupied
2184 LUTs, and 1328 flip-flops on the Kintex-7 chip, which
is approximately 2.5 times more LUTs, and 5 times more
flip-flops than in the proposed solution.
Furthermore, we implemented the algorithm on the Kintex-7
Ultra (Kintex-7U) FPGA. The execution took 4 clock cycles
(40 ns) on the smallest chip of the Kintex-7 Ultra family
(xcku115-flva1517-3-e) and required 2 (0.04%) built-
in DSP blocks, 862 (0.13%) LUTs, and 210 (0.02%) FFs.
According to Xilinx [29], their SQRT function occupied
2278 LUTs and 1336 flip-flops, which is approximately three
times more than for the proposed solution.
The last FPGA variant of the Kintex-7 family was Kintex-7
Ultra Plus (Kintex-7 UP). In this case, the algorithm was
executed in 2 clock cycles (20 ns) only. It means that imple-
mentation on the smallest chip of the Kintex-7 Ultra Plus
family (xcku3p-sfvb784-3-e) required 2 (0.15%) built-in
DSP blocks, 1042 (0.64%) LUTs, and 199 (0.06%) FFs. The
Xilinx solution uses 2208 LUTs and 1334 FFs. This is al-
so approximately 2.12 times LUTs more and 6.7 times more
flip-flops than for the proposed solution.
Tables 1 and 2 illustrate that the proposed function imple-
mented on different FPGAs of the Kintex-7 family occupied
a similar amount of resources.
Moreover, we also tested the Spartan-7 FPGA
(xc7s15ftgb196-2), a chip with a slightly different
and older architecture when compared to the previous fam-
ily. In this case, the proposed function achieved the worst
result of 8 clock cycles (80 ns), using a small portion of
the resources available, i.e. 4 (20%) built-in DSP blocks,
976 (12.2%) LUTs, and 464 (2.9%) flip-flops. This result is
a consequence of the lower quantity of resources in this chip:
20 DSP, 8000 LUTs, and 16000 FFs. Xilinx does not dis-
close the results achieved while implementing CORDIC v.
6.0 IP on Spartan-7 FPGAs [29].
The Virtex-7 series FPGA is optimized for the best per-
formance and capacity and is used in the verification
xc7vx330t-ffv1761-3 chip, which offers abundant re-

Fig. 3. Results of the synthesis of Xilinx Vitis HLS on: Kintex Ultra
Plus FPGA (top) and Zynq Ultra Plus FPGA (bottom).

Fig. 4. Results of implementation of Xilinx Vitis HLS on Kintex
Ultra Plus FPGA (left) and on Zynq Ultra Plus FPGA (right).

sources and achieves top performance in the Xilinx FPGA
family. The execution time of the proposed function was 5
clock cycles (50 ns) with the usage of only 3 (0.27%) built-in
DSP blocks, 861 (0.42%) LUTs, and 232 (0.05%) FFs. Ac-
cording to Xilinx [29], their SQRT solution occupied 2177
LUTs and 1328 FFs, which is approximately 2.5 times more
LUTs, and 5.7 times more FFs than in the case of our solution.
The Virtex-7 Ultra Plus (xcvu3pCIV-ffvc1517-3-e) algo-
rithm took only two clock cycles (20 ns) to complete. The
function occupies merely 2 DSP blocks (0.09%), a low num-
ber of 858 LUTs (0.22%), and 82 flip-flops (0.01%). Com-
pared to Xilinx [29], their SQRT IP occupied 2242 LUTs and
1342 flip flops, which is approximately 2.6 times more LUTs
and 16 times more FFs than in the proposed solution.
On Zynq Ultra Plus (xczu4eg-fbvb900-3-e) FPGA the al-
gorithm required only 2 built-in DSP blocks (0.27%), 905
LUTs (1.03%), and 136 FFs (0.08%). The function was exe-
cuted within 3 clock cycles (30 ns), while Xilinx [29] SQRT
occupied 2177 LUTs, and 1330 FFs, which is about 2.4 times
more LUTs, and 9.7 times more flip-flops compared to pro-
posal.
We also tested an older version of the Zynq-7000
(xc7z010-clg225-3) FPGA chip, with the execution tak-
ing 7 clock cycles (70 ns) and using 4 built-in DSP blocks
(5%), 1099 LUTs (6.24%) and 468 flip-flops (1.33%). Com-
pared to Xilinx [29], their SQRT occupied 2177 LUTs and
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1330 flip-flops, which is approximately 2 times more LUTs,
and 2.8 times more FFs than in our proposal.
Finally, we implemented the algorithm in the most advanced
chip family, namely the Versal.
The implementation required a negligible
amount of resources of the smallest Versal chip
(xcvc1902-viva1596-3HP-e-S), i.e. only 2 DSP
blocks (0.1%), 810 (only 0.72%) LUTs, and 122 FFs
(0.007% of all FFs available). The algorithm required only 2
clock cycles (20 ns) to complete. In comparison to Xilinx,
their solution occupied 1968 LUTs and 1454 FFs in this FP-
GA, which is approximately 2.43 times more LUTs and 11.9
times more flip-flops than in the case of our proposal. All the
results of logic synthesis performed using the Xilinx Vitis
HLS software are presented in Tab. 1, while Tab. 2 illustrates
the results of the FPGA implementations of the proposed
CORDIC function.
These results have been optimized due to the architectural
details of each selected FPGA. Details concerning the time of
the signal’s propagation through a CLB for the basic families
of FPGAs, retrieved from Xilinx data sheets, are presented in
Tab. 3. Data on the operating speed of FPGAs utilized in the
experiments highlights the time efficiency of the proposed
algorithm in the context of its complexity.
Example results of Xilinx Vitis HLS synthesis on Kintex
Ultra Plus FPGA are shown in Fig. 3, while results of Xilinx
Vitis HLS implementation on Kintex Ultra Plus FPGA are
presented in Fig. 4.
The usage of FPGA resources required to implement
CORDIC-based modules usually exceeds 1100 LUTs and
1000 flip-flops. Our solution achieved a result that was 20%
better. The CORDIC structure [33] was of the combined iter-
ative three-stage or multistage variety and required slightly
more resources than our solutions inside the Kintex-7 FP-
GA. However, only the sum of LUTs and flip-flops together is
given, and unlike our algorithm, those need ROM memory.
The execution time ranges from 60 ns to 190 ns, meaning it
is longer than the time achieved by us (50 ns on Kintex-7).
An FPGA implementation of the CORDIC floating point
SQRT performed on Virtex-7 in the iterative pipeline-parallel

Tab. 3. Signal propagation time through configurable logic block.
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Combinatorial
[ns] 0.94 0.58 1.05 0.58 0.94

Sequential
[ns] 0.47 0.32 0.53 0.32 0.47

CLB set and
hold [ns] 0.59 0.36 0.66 0.36 0.59

Set/reset [ns] 0.53 0.52 0.78 0.52 0.53
DSP I/O [ns] 4.06 3.44 4.65 3.44 4.06

version, as presented in [23], occupied 708 LUTs. However, it
required weighting the scale factors by applying an additional
25-bit fixed-time expensive multiplication to generate final
results. The implementation of the complex SQRT method
proposed in [24] on the Virtex-6 FPGA occupied 6852 LUTs
and generated a latency of 38 clock cycles. The square root
calculated on the Virtex-7 Ultra Plus FPGA by the Radix-10
CORDIC algorithm presented in [11] required from 1193 (7
digit version) to 5796 LUTs (34 digits version) and from 339
(7 digits) up to 1481 (34 digits) flip-flops, depending on the
number of precision digits. Latency ranged from 10 clock
cycles for 7 digits to 37 clock cycles. It was the worst result
when compared to the application of our proposal on the same
FPGA family (2 clock cycles).
Our solution also consumed approximately 25% less FP-
GA resources. As a further example, a faster radix-4 root
CORDIC algorithm with a 40-bit precision level required
9324 LUTs when implemented on the Virtex-6 FPGA [21].
This is a hyperbolic CORDIC utilizing Taylor’s approxima-
tion. The concurrent radix-4 CORDIC solution proposed
in [26] was implemented in the Spartan-6 FPGA and occu-
pied 6840 LUTs on this FPFA, with a latency of 68 ns. For
the older FPGA version (Spartan-3E), 4508 LUTs were used
and latency equaled 80 ns.
Despite the lower amount of hardware resources required,
the relatively high latency of [10] was achieved for his high-
performance SQRT circuit based on the Taylor series. The
authors of [25] focused on maximizing operating frequency
as well as reducing static and dynamic power levels. However,
their implementation of the FP SQRT occupied, for instance,
804 basic and 971 enhanced LUTs of the Virtex-5 FPGA.
Our result of 861 LUTs achieved on the Virtex-7 FPGA ranks
us in the middle of their range.
One may notice that sophisticated solutions require similar
to proposed bit of precision amount of FPGA resources
and a higher number of clock cycles to complete specific
functions.
Implementation of fixed-point SQRT CORDIC solutions is
usually more frequent in FPGAs. Therefore, it is easier to
find many more publications about fixed-point algorithms
implemented in FPGAs. However, the proposed FP solution
often achieves a lower latency level than many of its fixed-
point counterparts, displaying a similar or lower demand for
FPGA resources.

6. Conclusions

In this article, a new algorithm is presented for CORDIC
square root computation for FP numbers. The original
methodology of converting floating numbers to integers and
back allows to optimize the usage of FPGA hardware re-
sources and lowers the efficiency of the calculation. We
achieved a very short computation time of two clock cy-
cles on Ultra Scale Plus Xilinx FPGAs from the Kintex-7 and
Virtex-7 series. The same result was achieved on the Versal
FPGA. The usage of FPGA resources by the proposed solu-
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tion is similar to or lower than that of the more sophisticated
optimization methods presented in the literature.
The authors’ contribution to the field can be summarized as
follows:
• FPGA floating point CORDIC SQRT circuit for normalized

numbers in the single precision IEEE754 format,
• Maximum relative error of 1.7E–7,
• Relatively simple theory, easily implementable on FPGAs,
• Low average implementation latency on widespread FP-

GAs,
• Very low implementation latency on Ultra Plus Families

of FPGAs,
• No division operation, only one integer multiplication

operation (to scale the result),
• Decent accuracy over the entire range of normalized FP

numbers,
• Lower or similar utilization of FPGA resources compared

with other solutions.
Our future research will focus on methods relied upon to
perform fixed-point CORDIC computations of several basic
functions. We currently work on a new approach to angle
recoding allowing to flexibly adjust the memory table size
and the number of CORDIC iterations.
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Abstract  When integrated with mobile edge computing
(MEC), software-defined networking (SDN) allows for efficient
network management and resource allocation in modern com-
puting environments. The primary challenge addressed in this
paper is the optimization of task offloading and scheduling in
SDN-MEC environments. The goal is to minimize the total cost
of the system, which is a function of task completion lead time
and energy consumption, while adhering to task deadline con-
straints. This multi-objective optimization problem requires
balancing the trade-offs between local execution on mobile de-
vices and offloading tasks to edge servers, considering factors
such as computation requirements, data size, network condi-
tions, and server capacities. This research focuses on evaluating
the performance of particle swarm optimization (PSO) and Q-
learning algorithms under full and partial offloading scenarios.
Simulation-based comparisons of PSO and Q-learning show
that for large data quantities, PSO is more cost efficient than
the other algorithms, with the cost increase equaling approxi-
mately 0.001% per kilobyte, as opposed to 0.002% in the case of
Q-learning. As far as energy consumption is concerned, PSO
performs 84% and 23% better than Q-learning in the case of full
and partial offloading, respectively. The cost of PSO is also less
sensitive to network latency conditions than GA. Furthermore,
the results demonstrate that Q-learning offers better scalability
in terms of execution time as the number of tasks increases, and
exceeds the outcomes achieved by PSO for task loads of more
than 40. Such observations prove that PSO is better suited for
large data transfers and energy-critical applications, whereas
Q-learning is better suited for highly scalable environments and
large numbers of tasks.

Keywords  energy efficiency, MEC, PSO, Q-learning, scalability,
scheduling, SDN

1. Introduction

The rapid development of mobile devices and the increas-
ing importance of computationally-intensive services present
numerous difficulties to mobile computing [1]. Mobile edge
computing (MEC) has been developed to handle the prob-
lems in question by providing the necessary computational
capabilities closer to the needs [2]. At the same time, software-
defined networking (SDN) significantly altered the nature
of networks by offering the ability to manage them through
a logically centralized control interface separated from the

data plane of the forwarding devices, thus ensuring flexibility
and programmability for the management of the networks [3].

The combination of MEC and SDN is promising to be a so-
lution that could improve the efficiency of mobile computing
even further. SDN provides centralized control of the network,
while MEC systems will be able to make better decisions
concerning task offloading and resource management.

MEC provides a function known as task offload which involves
reallocation of computational tasks from mobile devices that
are constrained in terms of resources to edge servers with
a relatively higher quantity of resources available. Efficient
offloading of tasks is complicated and requires that a number
of factors be considered, such as network availability, server
capacity, energy consumption time, and deadlines [4].

Classical approaches to offloading have drawbacks when ap-
plied in mobile networks when it comes to achieving efficient
resource allocation, especially when the task-related require-
ments vary. However, due to the existence of a large number of
different mobile devices and edge servers, the problem of task
offloading also faces another challenge. Mobile equipment
can produce different levels of computation and consume var-
ious amounts of power, while edges servers might vary in
their computational capacity and available resources [5].

This heterogeneity makes task offloading and scheduling
a more complex issue, as the technique should be able to
accommodate a wide range of device characteristics and
network conditions. Due to the employment of new machine
learning techniques, there are new prospects for solving these
issues. Some reinforcement learning techniques, such as
Q-learning algorithms, have been found to be effective in
optimizing decisions in dynamic environments [6]. Similarly,
other bio-inspired metaheuristic algorithms, such as particle
swarm optimization (PSO), have been used to solve complex
problems, such as scheduling [7].

The framework proposed in this paper introduces a new so-
lution based on integrating SDN, MEC, and state-of-the-
art machine learning approaches for efficient offloading and
scheduling of tasks in the context of MEC. The proposed ap-
proach takes advantage of the global view of the network that
SDN provides to collect information about the conditions in
the network and the availability of resources in real-time. This
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information is relied upon by a combination of Q-learning and
PSO algorithms to determine the resource allocation plan.
The action selection approach the presented solution is based
on includes also a Q-learning component, thus improving
performance of the system by monitoring changes in network
conditions and task characteristics over time. This allows
to make dynamic decisions as to when the fully or partial-
ly off-loaded approaches should be used, depending on the
conditions of the network and task-related demands. Fur-
thermore, the proposed technique uses the PSO algorithm to
optimize the schedule of the performing offloaded tasks in
multiple edge servers in order to prevent resource waste and
uneven load distribution. This framework also includes a dy-
namic cost model taking into account energy consumption,
processing time, network latency, and the completion lead
time required for a specific task.
The remainder of this paper is organized as follows. Section
2 presents the relevant literature on multiedge computing,
software-defined networking, and various task offloading
approaches. Section 3 describes the model of the system
and formulates the problem. Section 4 presents a hybrid Q-
learning and PSO-based offloading and scheduling plan. In
Section 5, a detailed description of the simulation environment
and the results that were obtained are presented. Lastly,
conclusion are drawn and suggestions for future research
are presented in Section 6.

2. Related Works

The authors of [8] proposed an integrated approach to task and
resource allocation for MEC in an IoT network, using deep
reinforcement learning. Implementation of a deep Q network
leads to an overall energy output decrease of 15%, in addition
to a 10% increase in output rate, as opposed to conventional
methods. The scheme has shown adequate performance for
various types and densities of networks and tasks. [9] pro-
posed a metaheuristic approach to task scheduling for MEC
based on a combination of genetic and PSO algorithms. The
approach demonstrated an 18% reduction in total latency
along with a 12% better efficiency of resources for various
types of work. One of the algorithm’s main strengths was be-
ing able to calibrate itself to the varying capabilities of edge
servers.
The authors of [10] proposed a federated learning-based
method to design the offload of protective tasks in an SDN-
supported MEC environment. They obtained 22% less net-
work overhead and 17% better privacy of control compared to
the conventional centralized learning technique. The said ap-
proach offered great scalability as well. In other words, it was
capable of addressing scenarios with a significant number
of edge devices. A multi-objective optimization in MEC for
energy-sensitive task offloading was proposed in [11], where
an improved version of ant colony optimization was em-
ployed. The approach worked towards attaining near-optimal
solutions for both power consumption and time required to
complete a task, with energy consumption reduced by 20%

and with a 14% increase in accomplishments per task under
dynamic networks.
In article [12], the authors developed a new edge intelligence
concept that combines blockchain and deep reinforcement
learning to ensure safe and optimal task relocation in MEC.
This strategy indicated that there is a 25% improvement in
security measures and that the latency of the end-to-end
technique is 16% lower than that of traditional techniques.
That overarching framework was shown to work well in
scenarios ranging from low to high levels of distrust among
the edge nodes.
The authors of [13] proposed a context-aware task offloading
scheme for MEC in a 5G network based on LSTM and the
Q-learning algorithm. Their approach achieved a remarkably
high-level of improvement in QoS satisfaction (19%) and
a 13% reduction in energy consumption. According to more
recent investigations, the scheme proved to be more efficient
with regard to forecasting and managing user mobility.

2.1. Limitations of Related Research Work

In the existing literature concerned with task offloading in
MEC and SDN, the following limitations are observed. Most
of the existing approaches apply classic algorithms that were
not capable of adjusting to the dynamic natures of network
conditions and task load variations at all times. This led, in
many cases, to suboptimal resource allocation and higher
latency. Additionally, some algorithms incorporate reinforce-
ment learning methods. However, those may not aim to in-
crease both energy efficiency and performance scalability in
most applications, especially when the amounts of resources
are limited. The presented approach will integrate both PSO
and Q-learning, so that energy efficiency will be combined
with scalability of resources as the number of tasks increas-
es. Furthermore, the new method introduces a more flexible
task sharing solution that may fit both complete and partial
sharing techniques, offering a higher level of flexibility.

3. System Model

In this section, we present the mathematical models and
equations used in our MEC-SDN integrated system for task
offloading and scheduling. The architecture of an SDN-based
MEC environment consists of three main layers (Fig. 1):
• Cloud computing layer. It is located at the top and com-

prises centralized cloud facilities with a core network con-
nected to cloud data centers.
• Edge computing layer. The middle layer is located between

the cloud and the infrastructure and has an SDN global
controller to control the entire network. It is implemented in
the form of numerous edge computing zones with their own
SDN local controllers. Each zone includes MEC servers
used as computation facilities located at the edge of the
network and OpenFlow switches for SDN-based network
management.
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Fig. 1. Structure of an SDN-based MEC environment.

• Infrastructure layer. The end-user access layer is the
lowest layer of the model. It includes base stations and
access points (APs) and supports various user devices:
desktops, servers, tablets, mobile phones, smart devices,
cars, etc.

In the network model, let N = {1, 2, . . . , n} be the set of
mobile devices andM = {1, 2, . . . ,m} be the set of edge
servers. The SDN controller manages the network topology
G = (V,E), where V = N ∪M and E represents the set of
communication links.
In the task model, each task Ti is characterized by a tuple
(ci, di, τi), where ci is computation requirement (CPU cy-
cles), di is data size (bits), and τi is the deadline.
Next, in the communication model, the data transmission rate
between device i and server j is given by:

Rij = Bij log2
Pi hij
N0Bij

, (1)

where Bij is channel bandwidth, Pi stands for transmission
power of device i, hij denotes channel gain, and N0 is noise
power spectral density.
In the computation model, the local execution time for task
Ti on device i is:

Tlocali =
ci
fi
, (2)

where fi is the CPU frequency of device i.
The execution time on edge server j is formulated as:

Tedgeij =
ci
fj
, (3)

where fj is the CPU frequency of server j.
For the energy consumption model, the energy consumption
for local execution is:

Elocali = κ ci f
2
i , (4)

where κ is the energy coefficient.
Energy consumption for offloading is defined as follows:

Eoffij = Pi
di
Rij
+ ε di , (5)

where ε is the coefficient of the circuit power.
The decision variables are defined in the following way:

xij =

{
1, if task Ti is offloaded to server
0 otherwise

, (6)

yi =

{
1, if task Ti is executed locally
0 otherwise

. (7)

3.1. Problem Formulation

We define the task of offloading and scheduling performed in
the MEC-SDN integrated environment as a multi-objective
optimization problem. The objective is to reduce the total cost
of the system, which is a function of the total task completion
time and energy consumption subject to the task deadline
constraints.
Let xij ∈ {0, 1} denote the offloading decision variable,
where xij = 1 if task Ti is offloaded to server j, and 0
otherwise. Similarly, let yi ∈ {0, 1} represent the local
execution decision, where yi = 1 if task Ti is executed locally,
and 0 otherwise.
The total task completion time (TCT) is given by:

TCT =
∑
i∈N

(
yi Tlocali +

∑
j∈M

xij
(
Ttransij +Tedgeij

))
, (8)

where Ttransij =
di
Rij

is the transmission time from device i

to server j.
Total energy consumption (TEC) is expressed as:

TCT =
∑
i∈N

(
yiElocali +

∑
j∈M

xij Eoffij
)

(9)

The optimization problem may be formulated as follows:

minimize α · TCT + β · TEC

with the following constraints:
Task allocation: ∑

j∈M

xij + yi = 1, ∀i ∈ N (10)

Task deadline:

yi tlocali +
∑
j∈M

xij
(
ttransij + tedgeij

)
¬ τi, ∀i ∈ N (11)

Server capacity: ∑
i∈N

xij ci ¬ Cj , ∀j ∈M (12)

Decision variable:

xij , yi ∈ {0, 1}, ∀i ∈ N, ∀j ∈M (13)

where α and β are time and energy weighting factors, respec-
tively.
Constraint (10) ensures that each task is either offloaded to one
of the servers or executed locally. Constraint (11) guarantees
that the task completion time does not exceed the deadline.
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Fig. 2. Offloading cost performance versus task data size.

Constraint (12) ensures that the total computational load on
each server does not exceed its capacity.

This formulation emphasizes the details of the task-offloading
problem in MEC-SDN environments, considering both time
and energy efficiency and respecting system-related con-
straints [14].

The two methods that have been introduced Algorithm 1
include PSO and Q-learning. The goal is to reduce the total
cost of the system, which is a function of the time taken to
complete tasks and the energy consumed while running on
a dynamic network.

The algorithm starts by setting up the system’s variables
for the tasks to be performed, the capabilities of the edge
server, and the state of the network under control of an SDN
controller. Then, PSO is applied, followed by Q-learning,
with both methods applied independently to determine their
efficiency.

PSO is highly effective at reducing energy consumption
during task scheduling, making it particularly suitable for
environments with limited resources, where energy efficiency
is crucial. In contrast, Q-learning is adept at handling dynamic
task loads and showcases excellent scalability as the number
of tasks grows.

In the case of PSO, the algorithm adjusts the positions and
velocities of particles, reflecting the tasks assigned to servers.
It considers the cost of every particle solution, including the
local execution and the offloading strategies, which can be
full or partial, and then updates the personal best and global
best.

For Q-learning, the algorithm gives an agent experience in
different episodes. For each episode, it selects actions (servers)
for each task from the state, computes rewards according to
the cost, and updates the Q-table for better decision-making
in the future.

On the same note, another advantage of this algorithm is its
versatility in handling both full and partial offloading tech-
niques and its flexibility in adjusting to the dynamic network
conditions controlled by the SDN. This makes it possible to
assess offloading approaches under different circumstances
and conditions.
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Fig. 3. Scalability test as a function of execution time versus number
of tasks.
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Fig. 4. Effects of network latency on offloading performance.

4. Results and Discussion

Here, simulation results related to PSO-Q are presented and
compared with other conventional approaches and advanced
algorithms. Such parameters as energy efficiency, task execu-
tion time, workload balance, and the capacity for expansion
are assessed.

4.1. Offloading Performance and Task Data Size

Figure 2 shows the trends in the costs of PSO and Q-learning,
as the task data size increases.
It is observed that both algorithms generate higher costs as
the size of the task data increases, which may be attributed to
the time taken to transmit the data and the amount of energy
consumed. However, the result of PSO is always better than
that of Q-learning, in terms of the cost for each learning
process in all data sizes.
When data size increases, the difference in performance be-
tween PSO and Q-learning grows as well, which indicates
that PSO is more suitable for solving large-scale data prob-
lems. This could be especially crucial in circumstances where
a significant amount of data is required to be transmitted or
processed, including multimedia and big data applications
relying on edge computing.
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Algorithm 1 Energy-efficient task offloading using PSO and Q-learning with SDN

Input: num_tasks, num_devices, num_servers, task_computation, task_data_size, task_deadlines,
server_capabilities, offloading_strategy

Output: Optimized offloading decisions and system costs for both PSO and Q-learning

1: Initialize SDN_controller, task parameters, and network conditions
2: Initialize PSO particles and Q-learning agent ▷ PSO Optimization
3: for iteration = 1 to max_iterations do
4: SDN_controller.update_network_conditions()
5: for each particle do
6: total_cost = 0
7: for device_id = 1 to num_devices do
8: for task_id = 1 to num_tasks do
9: server_id = particle.position[task_id]

10: local_time, local_energy = local_execution_cost(device_id, task_id)
11: if offloading_strategy == full then
12: offloading_time, offloading_energy = full_offloading_cost(device_id,

server_id, task_id, SDN_controller)
13: else if offloading_strategy == partial then
14: offloading_time, offloading_energy = partial_offloading_cost(device_id,

server_id, task_id, SDN_controller)
15: end if
16: offloading_cost = offloading_time + offloading_energy
17: total_cost += min(local_time + local_energy, offloading_cost)
18: end for
19: end for
20: Update particle’s personal best and global best based on total_cost
21: end for
22: Update particle velocities and positions
23: end for

▷ Q-learning optimization
24: for episode = 1 to num_episodes do
25: SDN_controller.update_network_conditions()
26: total_reward = 0
27: for device_id = 1 to num_devices do
28: for task_id = 1 to num_tasks do
29: state = device_id
30: action = Q_agent.choose_action(state)
31: local_time, local_energy = local_execution_cost(device_id, task_id)
32: if offloading_strategy == full then
33: offloading_time, offloading_energy = full_offloading_cost(device_id,

action, task_id, SDN_controller)
34: else if offloading_strategy == partial then
35: offloading_time, offloading_energy = partial_offloading_cost(device_id,

action, task_id, SDN_controller)
36: end if
37: reward = -min(local_time + local_energy, offloading_time + offloading_energy)
38: next_state = (device_id + 1) % num_devices
39: Q_agent.learn(state, action, reward, next_state)
40: total_reward += reward
41: end for
42: end for
43: Store total_reward for this episode
44: end for
45: Return PSO_best_position, PSO_best_cost, Q_Learning_q_table, Q_Learning_rewards
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When the size of the task data increases from 50 KB to 500
KB, both algorithms demonstrate an increase in costs. As for
the cost, PSO clearly shows the lowest result varying from
94800 to 94827. The costs of Q-learning are higher, and they
rise from approximately 94819 to 94830. The performance
difference is even more pronounced at larger data sizes, and
in the case of PSO the cost increase equals approximately
0.003% per kilobyte, compared to 0.002% in the case of Q-
learning, and this shows that PSO is more efficient when
larger amounts of data are transferred.

4.2. Scalability Test

Figure 3 illustrates the number of tasks and the corresponding
execution time of the PSO and Q-learning algorithms. One
may notice an interesting balance between the two algorithms.
The time it takes PSO to execute its tasks increases at a faster
gradient with a growing number of tasks. On the other hand,
Q-learning has a comparatively constant execution time,
which increases only slightly with the addition of tasks.
Hence, for a small number of tasks, i.e., less than approximate-
ly 40, PSO performs better than Q-learning. However, as the
number of tasks increases above this point again, Q-learning
is more efficient in terms of the time taken to execute the
tasks. This crossover point is important for system designers
selecting these algorithms.
The execution time of both algorithms escalates from 10 to
100 tasks, as shown in Fig. 3. The execution time of PSO
rises more sharply with the number of iterations, from 0 to 5
seconds (614%). Q-learning is more scalable, as evidenced
by the fact that the execution time increases from 0.2 to 0. 9
seconds (350%). Q-learning is found to be superior to PSO
in terms of execution time for large task numbers.

4.3. Network Latency Effects on Offloading Performance

This graph illustrates the impact of network latency on the
offloading costs of the PSO and Q-learning algorithms. As
expected, both algorithms demonstrate costs that increase as
a function of network latency. This is reasonable, because
higher latency would mean that the transmission would take
more time to complete, and in some cases the power con-
sumption could be high as well.
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Fig. 5. Energy consumption comparison.

PSO performs better compared to Q-learning at all latency
values and has lower costs throughout the range. This implies
that PSO might work better in scenarios in which there are
fluctuations in network latency in edge computing.
Surprisingly, the difference in performance between PSO and
Q-learning is almost constant as latency increases. The fact
that both algorithms exhibit parallel growth in costs proves
that neither of them is more efficient in high-latency condi-
tions. From the above results, it is clear that as the network
latency increases from 0 to 100 ms, both algorithms will gen-
erate higher costs. The costs of PSO increase from 94,800 to
94,817 (by 0.018%), while those of Q-learning increase from
94,817 to 94,830 (by 0.014%). The PSO has a relatively low-
er cost of approximately 13-15 units, irrespective of latency
values, proving its better robustness to network delays.

4.4. Energy Consumption Comparison

Figure 5 presents the energy consumption of PSO and Q-
learning for full and partial offloading techniques. The find-
ings show that PSO is characterized by better energy utiliza-
tion. In the full and partial offloading scenarios, PSO uses
much less energy than Q-learning. This energy efficiency
may be an essential factor in edge computing applications, in
which the battery life of the devices is an issue. Surprisingly,
partial offloading consumes more power than full offloading
for both algorithms. This may seem counterintuitive, as par-
tial offloading is usually used to share the load between local
and edge resources. However, this result implies that the cost
of splitting tasks and managing partial offloading could be
higher than the energy savings it offers.
The main difference between PSO and Q-learning in terms of
energy consumption is even more significant in the case of
partial offloading of the tasks. This suggests that PSO may be
best applied in cases where partial offloading techniques are
to be deployed when energy levels are a concern.
The comparison of energy consumption shows that there is
a great difference between the full and partial offloading
strategies. For full offloading, PSO uses 95,000 units of
energy, while Q-learning uses 175,000 units of energy (i.e.
84% more). The results are similar when in the case of partial
offloading, where PSO only used approximately 150,000
units, while Q-learning used approximately 185,000 units,
(an increase of 23%). This implies that PSO is more energy
efficient than the other algorithms, especially in cases where
partial offloading is performed.

5. Discussion

The performance metrics shown in Tab. 1 prove that PSO
outperforms Q-learning in terms of cost efficiency and energy
consumption under all conditions, and especially when the
size of data tasks is large. This finding is of significance
for practitioners whose responsibilities include optimizing
resource allocation in edge computing environments.
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Tab. 1. Summary of results.

Metric PSO Q-learning Key observation

Cost (50 – 500 kB of data) 94 800 – 94 827 94 819 – 94 830 PSO is more efficient with
larger data sizes

Execution time (10 – 100
tasks) 0.7 – 5 s (614% increase) 0.2 – 0.9 s (350% increase) Q-learning is more scalable

beyond 40 tasks

Cost (0 – 100 ms latency) 94 800 – 94 817 94 817 – 94 830 PSO is more resilient to
network delays

Energy (full offloading) 95 000 units 175 000 units PSO is 84% more
energy-efficient

Energy (partial offloading) 150 000 units 185 000 units PSO is 23% more
energy-efficient

For organizations that rely on edge computing for data-
intensive applications, multimedia processing, and big data
analytics, PSO would save a lot of money. Practitioners are
advised to implement PSO in their task-offloading strategies
to reduce operational costs without sacrificing performance.

The large difference in energy consumption observed between
PSO and Q-learning shows how important energy efficiency is
in mobile and edge computing environments. With increasing
energy costs and sustainability concerns, organizations will
gain from the use of PSO, as it showed an 84% drop in energy
usage under full offloading scenarios.

6. Conclusions

This research offers a comparative analysis of the PSO and
Q-learning algorithms for task offloading into SDN-integrated
MEC scenarios. The approach adopted takes into account
full and partial offloading strategies, depending on network
conditions controlled by an SDN controller. The results of
the simulations show that PSO offers better cost efficiency
than Q-learning while handling growing task data sizes and is
characterized by lower energy consumption in full and partial
offloading.

PSO also demonstrates greater robustness to variations in
network latency. Nevertheless, Q-learning shows better scal-
ability than the other methods, and its performance improves
when the number of tasks exceeds a specific value. These re-
sults may serve as important guidelines for system designers
choosing suitable algorithms in based on the requirements of
specific MEC scenarios and network conditions.

Future work may focus on examining the integration of the
PSO concept with Q-learning with the aim of achieving
improved offloading performance. Future work may also
consider the influence of more complex network topologies
and various types of fog computing resources on offloading
performance.
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Abstract  Coprime arrays have recently become a popular
trend in estimating the direction of arrival in array signal pro-
cessing, as they increase the degree of freedom (DOF). Coprime
arrays utilize a couple of uniform linear subarrays to create
a difference co-array with specific preferable features. In this
paper, three proposed structures are considered that depend on
the shifting of one of the two uniform linear arrays. The pro-
posed configurations reveal a sequence of lags obtained by filling
the holes of the co-array, which span the aperture array. The
displacement value depends on the value of the pair of data in
the array. The resulting virtual array achieved by means of the
proposed methods may generate DOFs MN + 1, MN + N + 1,
and MN + 2N – 2, respectively. The performance of the proposed
configurations is evaluated by experimental simulations aiming
to demonstrate the effectiveness of the array’s design.
Keywords  coprime array, difference co-array, direction of arrival
estimation, hole-free array

1. Introduction

Direction of arrival estimation (DOA) is an important topic
in array signal processing due to its numerous applications
in sonar, wireless communication, radar and navigation [1]–
[4] systems. Previously, high-resolution algorithms, such as
MUSIC, ESPIRIT, and Root-MUSIC have been proposed to
solve the problem of estimating signal direction [5], [6].
These methods are capable of detecting sources with N − 1
on a uniform linear array with N elements. However, these
methods require a large signal-to-noise ratio and numerous
snapshots to keep operating properly. In most real cases, the
number of snapshots is limited by the operational parameters
and physical restrictions that impede efficient DOA estimation
[7].
Being able to detect a number of sources that is higher than the
number of elements, i.e. increasing the degrees-of-freedom
DOFs, has become an interesting topic of research. To cope
with this issue, a sparse array structure formed based on a co-
array is according to [8], [9], a prospective method capable of
increasing DOFs. It attains DOA estimation by locating the
sparsest exhibition of the data. A sparse array is composed of
two uniform linear subarrays (ULAs).
Distinct sparse arrays, such as the minimum redundancy
array (MRA) [10], have been developed to achieve higher
DOFs using a limited number of elements. MRA is a sparse
array having a maximum number of virtual elements with no

holes for the difference co-array, but it lacks general model
expression. The DOFs for a certain number of elements cannot
be achieved exactly. A nested array [11] may be designed
by nesting two ULAs in which the spacing may determine
O(N2) with N elements.
The concept of a co-prime array [12] has attracted the atten-
tion of researchers, since co-prime arrays sample the signal
sparsely with high resolution and lower cost [2]. The co-prime
concept resolves a number of sources that is higher than the
number of its elements. Coprime arrays use M + N − 1
elements to detect O(MN) sources. Despite a significant
number of innovative works relying on the coprime difference
co-array, coprime array still suffers from a drawback, as its
difference co-array does not provide continuous lags. It has
holes that considerably decrease the number of obtainable
DOFs.
Several works have focused on proposals to deal with the
hole problem. [13] is a good example, where an approach to
a coprime array with an extension of one subarray has been
proposed. It requires 2M+N−1 elements to resolveO(MN)
DOFs. The consecutive lags of the difference co-array range
are extended with more elements.
The authors of [14] proposed two generalized coprime ar-
ray configurations with compressed interelement spacing
(CACIS) and displaced subarrays (CADiS). For the CACIS
configuration, the distance of the elements in the N -subarray
is compressed by a compression factor (CF) to keep the mini-
mum distance between the elements, which results in elements
overlapping in the self and cross-lag differences. In the CADiS
configuration, the N subarray is shifted by a predefined dis-
tance to increase the minimum distance between the subarrays
in order to expand the aperture size and increase the number
of unique lags [14], [15].
However, it breaks the DCA into segments, and critical holes
are created that disturb the contiguous lags, which degrades
the performance of DOA estimation methods that rely on
spatial smoothing.
In article [16], the authors presented extensive research on
identifying the location of holes in DCA and proposed two
array structures, i.e. the k-times extended coprime array
(kECA) and a complementary coprime array (CCA) to fill the
holes. In the kECA structure, theM -subarray elements are
increased to kM elements to extend the contiguous lags. For
the CCA structure, additional elements equal toM − 1 are
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added to fill the holes. The main drawback of the development
of these arrays is the extra cost borne due to the presence of
additional physical elements.

Furthermore, mutual coupling is affected by the extra element
pairs with a small distance present in the kECA structure,
and the close element distribution with the distance of half
a wavelength in the CCA structure. The authors of [17]
proposed a coprime array with suppressed and displaced
subarrays (CASDiS) as well as nested displaced coprime
subarrays (NesDCoP). For the CASDiS array configuration,
the N -subarray is compressed to modify the interelement
spacing of the subarray; then, it is shifted byM +MN . For
the NesDCoP array configuration, the N -subarray is rotated
to the negative axis by 180°, compressed byM/CF and then
shifted by N + 1 to provide hole-free lags.

Article [18] describes a hole-free coprime array (HFCA)
developed based on the known number of total elements, in
which a maximum number of uDOFs can be achieved by
computing the optimal value ofM and N .

The problem of holes in coprime arrays may be avoided
by redesigning their geometry. In [19], [20] a hole-free ar-
ray structure is proposed by rearranging the position of the
elements in one of the subarrays. The goal is achieved by de-
signing a nested array, with its essentiality property being
then analyzed to enhance the array’s configuration and extend
the aperture array size.

The arrangement of a sparse array in a field affords an ade-
quate but productive manner to plan coprime arrays in order
to achieve more lags. Afterwards, only contiguous lags are
excluded by means of DOA spatial smoothing estimation
techniques, by applying interpolation techniques handling
all the lags, or by using sparse array motion. Different co-
prime configurations, such as generalized coprime and spatial
smoothing-MUSIC, have been used in the design process to
improve contiguous lags that result in high DOFs.

In this paper, a new array geometry configuration is proposed
to improve the available unique lags. A particular emphasis is
placed on contiguous lags, and the methods provides a hole-
free difference co-array. Thus, spatial efficiency and uniform
DOA parameters are exceeded. The array exploits the shifting
effects of one coprime array to extend the number of contigu-
ous lags, thus resulting in high DOF. This configuration has
resulted in generating hole-free lags.

The paper is structured as follows. Section 2 introduces the
fundamental array signal model of coprime arrays, based
on difference co-arrays. In Section 3, the proposed array
geometry design is presented. The results and conclusions
are provided in Sections 4 and 5, respectively.

In this paper, we use upper-case bold characters to repre-
sent matrices and lower-case bold characters for vectors. [·]T ,
[·]∗ and [·]H stand for transpose, the conjugate and conju-
gate transpose of a vector or matrix, respectively.Diag(·) and
vec(·) mean a diagonal matrix and the vectorization opera-
tor. E{·} represents the expectation operator. IK indicates
a identity matrix with the size ofK ×K.
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Fig. 1. Configuration of conventional coprime array.

2. Signal Model
The coprime array configuration consists of two ULAs, as
illustrated in Fig. 1. N andM are a coprime integer number,
such that N > m and GCD(M,N) = 1, where GCD is
the largest common divisor, and the two CAs are aligned in
a collinear manner. It depends on the concept of the co-array,
which refers to the set of points at which the spatial correlation
function can be estimated with that array.
The co-array concept has been used in planar design and in
estimating the spectrum of multidimensional applications.
It may be defined as a set of vectors spacing between points
in the elements of given apertures. The vector set is the
difference set between the elements or the sum set between
array elements of the grid [21]– [23]. The first subarray
consists of N sensors with nMd spacing and the second
subarray consists of m sensors with mNd spacing. The
first element is shared by the two subarrays as a reference
element. The total number of sensors that comprise the array
isM +N − 1.
The elements are positioned at the following locations.

P = {nMd, 0 ¬ n ¬ N−1}∪{mNd, 0 ¬ m ¬M−1} . (1)

P is a vector that indicates the position of the elements
comprising the array = [p1, . . . , pk]T , where pi ∈ P, for
i = 1, . . . ,K.
Considering that D uncorrelated, narrowband, and far-field
source signals with power [σ21 , σ22 , . . . , σ2D], strike the array
from angles θ = [θ1, θ2, . . . , θD], the signal received in the
array will be declared as:

x(t) =
D∑
i

a(θd)S(t) + n(t)

= As(t) + n(t) ∈ C(M+N−1)×D ,

(2)

where A is the steering matrix of the style:

A =
[
a(θ1), a(θ2), . . . , a(θd)

]
∈ C(M+N−1)×D

=
[
1, ej

2πp2
λ
sin(θd), . . . , ej

2πpk
λ
sin(θd)

]
,

(3)

s(t) is the signal vector:

s(t) =
[
s1(t), s2(t), . . . , sD(t)

]
∈ CD×K , (4)

and n(t) is the noise vector:

n(t) =
[
n1(t), n2(t), . . . , nN+M−1(t)

]
. (5)

The noise is considered independent and distributed randomly
with a Gaussian distribution and zero mean invariance. The
correlation matrix of the data vector x(t) is collected as:

Rxx = E
[
x(t)xH(t)

]
= ARSSA

H = σ2nIM+N−1 , (6)
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Fig. 2. Hole-free coprime array (FH-CA) configurations for models:
a) HF-CA1, b) HF-CA2, and c) HF-CA3.

where Rss ∈ CD×D is the source signal covariance matrix
and may be expressed as:

Rss = diag
(
[σ21 , σ

2
2 , . . . , σ

2
D]
)
,∈ CD×D. (7)

Rnn = σ2nIM+N−1 ∈ C(M+N−1)×(M+N−1) is the noise
covariance matrix. The covariance matrix is estimated using
a limited number of snapshots.

3. Proposed Array Configurations
Three hole-free coprime array (HF-CA) configurations based
on PCA on a fixed platform are proposed, as shown in Fig. 2.
The first configuration of the HF-CA1 array is illustrated in
Fig. 2a. The first subarray consists ofM number of elements,
while the second subarray consists of N elements. The first
subarray elements are positioned at:

P1 =
{
0, N, . . . , (M − 1)N

}
d . (8)

The second subarray is displaced based on the position of the
last sensor in the array, which is (M − 1)N , and is set as the
first sensor location in the new array configuration. The final
subarray configuration of the second subarray is as follows:

P2 =
{
(M − 1)N + n

}
d, where 0 ¬ n ¬ N . (9)

The reference element is located at (M−1)N , which is shared
by the two subarrays, and the total number of the sensor array
isM +N . The final array geometry for the HF-CA1 array is
expressed as:

PHF−CA1 = P1 ∪ Ṕ2
=
{
0, N, . . . , (M − 1)N

}
d ∪
{
(M − 1)N + n

}
d ,

(10)

where n = 0, 1, . . . , N , the first sensor is located at zero
point, and the last sensor is positioned atMN .
DCA(D) of the HF-CA1 array can be illustrated as follows:

PHF−CA1 =
{
(P1 − Ṕ2) ∪ (P1 − Ṕ1) ∪ (P2 − Ṕ2)

}
= D12 ∪ D11 ∪ D22 ,

(11)

where:

D12 =
{
(mNd−(M−1)Nd+nd), 0 ¬ m ¬M−1, 1 ¬ n ¬ N

}
,

(12)

D11 =
{
mNd, 0 ¬ m ¬M − 1

}
, (13)

D22 =
{(
(M−1)Nd+nd)−

(
(M−1)Nd+nd)

)
, 1 ¬ n ¬ N

}
.

(14)
The resulting virtual HF-CA1 array will be a hole-free solu-
tion that can be implemented to anyM,N pairs. The proper-
ties of HF-CA1 can be summarized as follows:
• It contains contiguous lags ranging from −MN toMN ,

which means that the number of uDOF is 2MN + 1,
• The number of unique lags is 2MN + 1, which is equal to

uDOFs, since it is a hole-free array.
To determine the element that has no impact on the DCA, the
following relations are considered:

D12 ∩ D22 = n, 1 ¬ n ¬ N − 1 , (15)

D12 ∩ D11 = mN, 1 ¬ m ¬M − 1 . (16)

From Eq. (15), and considering the relation D12 ∩ D22 ̸∈
P1, Ṕ2, meaning n ̸∈ P1, Ṕ2, it is easy to observe that the
difference of intersection of the self-lags of the difference
and cross-lags difference does not represent the position of
any element in the actual elements of the matrix. Therefore,
it cannot be considered for determining the non-essential
element in the array configuration.
From Eq. (16), one may see that the intersecting elements
are part of the actual array (M -subarray) that needs to be
considered. To determine which element does not contribute
to the DCA, the following preposition is presented.
Let

D3 = {Ṕ2 −mNd, 1 ¬ m ¬M − 1}
= (M − 1)Nd+ nd−mNd, for m =M − 1,

D3 = (M − 1)N + n− (M − 1)N = n .

It has been shown in the previous relation in Eq. (16) that
n ̸∈ P1, Ṕ2, so the element at position (M − 1)N does not
affect the resulting virtual array. Form ¬M −1,D3 ̸= n, so
removing any elements from that set may result in a virtual
array with holes.
To create an example illustrating the essential importance of
the position of elements,M and N are set to 5 and 6, respec-
tively. According to Eqs. (1)–(3), the elements are positioned
at P = {0, 6, 12, 18, 24}d∪{25, 26, 27, 28, 29, 30}d. Figure
3a shows the configuration of the HF-CA1 array and its dif-
ference co-array, where the DCA is a hole-free array, while
Fig. 3b-e shows the arrays and their DCAs when one element
is removed.
One may notice that the DCA presented in Fig. 3e is similar
to the one from Fig. 3a. Therefore, the element at position
(M − 1)N = 24 is not an essential element and does not
affect DCA.
After removing the non-essential element from the array
configuration, the DCA(D) can be expressed in the following
manner:

D́ = D́12 ∪ D́11 ∪ D22 , (17)
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where:

D́12 =
{
(mNd− (M − 1)Nd+ nd),

0 ¬ m ¬M − 2, 1 ¬ n ¬ N
}

D11 =
{
mNd, 0 ¬ m ¬M − 2

}
.

(18)

The configuration of the HF-CA2 array depends on identi-
fying the non-essential element in the HF-CA1 array. The
HF-CA2 array is illustrated in Fig. 2b. In this configuration,
the nonessential element at position (M − 1)Nd is moved to
the −Nd location. To justify the new location of the moved
elements, the following consideration is presented.
Let us δ = min(Ṕ2) − max(Ṕ2). The reason for selecting
Ṕ2 is that its self-difference provides a consecutive number
with the unit distance between the elements. Regarding the
relation given in Eq. (17), the new position of the element
may be obtained as follows:

δ =
{
(M −1)N +min(n)

}
−
{
(M −1)N +max(n)

}
= −N .

(19)

The location of the elements in HF-CA2 can be expressed as
follows:

PHF−CA2 = P1 ∪ Ṕ2 ∪ P3 , (20)

where:
P1 =
{
mNd, 0 ¬ m ¬ (M − 1)N

}
, (21)

Ṕ2 =
{
(M − 1)N + n

}
d , (22)

P3 = −Nd . (23)

This configuration will reduce the redundancy rate and in-
crease the number of uDOFs. The properties of the HF-CA2
array can be summarized as follows:
• it contains contiguous lags ranging from MN − N to
MN +N , which means the number of uDOFs is 2MN +
2N + 1. The number of uDOFs in the HF-CA2 array is
increased by N .
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Fig. 4. Example of the HF-CA configuration when M = 4 and
N = 7 for: a) HF-CA1, b) HF-CA2, and c) HF-CA3.

• the number of unique lags is 2MN + 2N + 1, since it is
a hole-free array, the number of unique lags is equal to the
number of uDOFs.

To achieve more DOFs with particularly contiguous lags, the
HF-CA3 configuration is proposed by rotating the dense N-
subarray by 180° along the negative side, then the last element
in the N -subarray is relocated to theMN − 1 position, as
demonstrated in Fig. 2c. The following relation expresses the
position of elements in HF-CA3:

PHF−CA3 = P1 ∪ P2 ∪ P3 , (24)

where:

P1 =
{
mNd, 0 ­ m ­ (M − 1)N

}
, (25)

P2 =
{
− (N : 2N − 2)

}
d , (26)

P3 = (MN − 1)d . (27)

The idea behind the HF-CA3 configuration is presented below.
The subarrays with the location set:
P1 and P2 = {−(N : 2N−1)}d, i.e. the rotatedN -subarray,
form a hole-free virtual array ranging from−MN−N+1 to
MN +N − 1 which is less than the HF-CA2 configuration.
If the last element in P2 is removed, the DCA will have holes
located at positions (mN +N − 1)d, 0 ¬ m ¬M − 1. To
fill the holes and extend the DCA, the removed element is
positioned at (MN − 1)d, which represents the location of
the last element in the hole set.
The properties of the HF-CA3 array can be summarized as
follows:
• It contains contiguous lags ranging from−MN − 2N +3

to MN + 2N − 3, meaning the number of uDOFs is
2MN + 4N − 5. The number of uDOFs in the HF-CA3
array is increased by N − 3.
• The number of unique lags is 2MN + 4N − 5, since it is

a hole-free array, the number of unique lags is equal to the
number of uDOFs.

For illustration, an example is shown in Fig. 4 for the HF-
CA configuration with M = 4 and N = 7. This is the
deployment of the location of the actual elements and the
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Tab. 1. Comparison of the closed-form expression for HF-CA1, HF-CA2, and HF-CA3 array configurations with other array types.

Array type Aperture size Consecutive lags Total number of
elements

HF-CA1 MN + 1 2MN + 1 M +N

HF-CA2 MN +N + 1 2MN + 2N + 1 M +N

HF-CA3 MN + 2N − 2 2MN + 4N − 5 M +N

Ma-HFCA [18] 3M +N(K + 1−N − M2 )− 1 2N(K + 1−N − N2 ) + 6M − 1 K

CADSiS [17] 2MN +M 4MN + 1 2M +N

NesDCoP [17] 2MN +N 4MN + 2N + 1 2M +N

CCA [16] kMN −N 2kMN − 2N + 1 (k + 1)M +N − 2
k-times [16] kMN −N 2(k − 1)MN + 2M − 1 kM +N − 1

ECA [13] 2MN −N 2MN + 2M − 1 2M +N − 1

DCA of the three HF-CA configurations. One may notice
that all the HF-CA configurations are hole-free arrays. HF-
CA1 is capable of generating a ULA segment within the
[−28 : 0 : 28] range, while HF-CA2 and HF-CA3 may
generate ULA segments within the [−35 : 0 : 35] and
[−39 : 0 : 39] ranges, respectively. HF-CA3 can achieve
the largest uDOF with an extension to the array aperture size,
which makes it capable of identifying more sources.
Table 1 shows the comparison of the closed form expressions
of the lags generated by HF-CA1, HF-CA2, and HF-CA3 array
configurations, with different coprime array types, depending
on the array aperture size, contiguous lags and the total
number of elements.

4. Simulation Results

The proposed HF-CA designs were tested using Matlab to
verify the weight function, array robustness, spatial spectrum,
and RMSE. The weight functionw(m) of theM,N pair,m ∈
D is the number of elements pairs that have the same value
in the DCA indexm. The weight function w(m) of the ULA
havingM,N elements meets the following characteristics
[15]:

w(0) = (M,N),
∑
m∈D

w(m) = (M,N)2, w(m) = w(−m) .

(28)
The weight function gives an indication of the element allo-
cation in an array. The weight functions w(m) show different
distributions of the virtual array elements. A smaller weight
function means that there are fewer pairs with one partition
that is who getting a sparse array structure. As the weight
function is minimized, the root means square error (RMSE)
is decreased as well [24].
Figure 5 illustrates the weight function, worked out according
to Eq. (28), of the proposed array designs with different array
types, such as PCA, ECA, CACIS, CADiS, k-times ECA,
CCA, CASDiS, NesDCoP, and Ma-HFCA with 9 elements. In
the figure, the blue dots represent the positions of the physical

elements, while the red dots represent the virtual lags and the
red crosses represent the locations of holes. One may notice
that PCA, ECA, k-times ECA, CACIS, and CADiS cannot
provide a hole-free sparse array and the range for their ULA
segment is [−9 : 0 : 9], [−14 : 0 : 14], [−14 : 0 : 14], [−16 :
0 : 16], and [8 : 23,−8 : −23], respectively.
The remaining array structures provide a hole-free co-array
with an ULA segment. The consecutive sets are: [−15 : 0 :
15], [−20 : 0 : 20], [−25 : 0 : 25], [−23 : 0 : 23], [−20 : 0 :
20], [−25 : 0 : 25] and [−27 : 0 : 27] for CCA, CASDiS,
NesDCoP, Ma-HFCA, HF-CA1, HF-CA2, and HF-CA3,
respectively.
It can be seen that the proposed HF-CA3 outperforms its
rivals, as it has the highest number of consecutive lags com-
pared to other array types. Another remark regarding the ULA
segments for CASDiS, HF-CA1 and NesDCoP, HF-CA2 for 9
elements is that these array designs can have the same ranges
of consecutive lags. This is not always true for other numbers
of the elements, as can be seen from Tab. 2.
Considering the weight functions related to Eq. (28), as shown
in Fig. 5, w(1) for CADiS is zero, since there is no element
in the first position (there is a hole). w(1) = 2 for PCA, ECA,
k-times ECA and CASIC. w(1) = 3 for CCA, Ma-HFCA
and HF-CA3. w(1) = 4 for CADiS, NesDCoP and HF-CA2.
w(1) = 5 for CASDiS and HF-CA2, while w(2) = 2 for
PCA, ECA, k-times ECA, Ma-HFCA and HF-CA3.w(2) = 3
for NesDCoP and HF-CA2. w(2) = 4 for CADiS, CASDiS
and HF-CA1, and w(2) = 5 for CCA and CACIS.

4.1. Evaluation of Robustness

Various array structures are evaluated based on their resistance
to failure. In the exercise, the location of the antenna may lead
to some disturbance, including the antenna’s failure in some
radical situations. Several parameters are used to evaluate
robustness, including spatial efficiency and redundancy rate.
Spatial efficiency is the ratio between the number of contigu-
ous lags and the length of the virtual array aperture for the
positive side in a sparse array [25].
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Tab. 2. Comparison of different array types against aperture, number of DOFs, and operational robustness.

Array type M,N pairs Number of
elements

Array
aperture

Number of
uDOFs

Spatial
efficiency

Redundancy
rate

ECA [13] (3, 4) 9 20 29 69.23% 56.79%
k-times [16] K = 2, (3, 4) 9 20 29 69.23% 56.79%

CCA [16] K = 2, (2, 5) 9 15 31 100% 66.12%
NA [9] (4, 5) 9 25 51 100% 39.50%

CACIS [14] (4, 5) 9 21 33 79.48% 54.32%
CADiS [14] (4, 5) 9 27 16 74.20% 44.44%

CASDiS [17] (2, 5) 9 19 39 100% 61.00%
NesDCoP [17] (2,5) 9 25 51 100% 37.04%
Ma-HFCA [18] (2, 3) 9 23 47 100% 42.00%

HF-CA1 (4, 5) 9 20 41 100% 49.40%
HF-CA2 (4, 5) 9 25 51 100% 37.04%
HF-CA3 (4, 5) 9 27 55 100% 32.10%
ECA [13] (3, 8) 13 40 53 64.55% 60.35%
k-times [16] (6, 7) 13 48 97 100% 42.60%

CCA [16] (5, 9) 13 40 53 79.48% 54.32%
NA [9] (6, 7) 13 50 30 60% 44.44%

CACIS [14] K = 3, (3, 4) 13 40 65 79.74% 56.80%
CADiS [14] K = 2, (3, 5) 13 25 51 100% 64.58%

CASDiS [17] (4, 5) 13 44 81 90.80% 49.70%
NesDCoP [17] (4, 5) 13 45 91 100% 41.42%
Ma-HFCA [18] (3, 5) 13 48 97 100% 42.60%

HF-CA1 (6, 7) 13 42 85 100% 49.70%
HF-CA2 (6, 7) 13 49 99 100% 41.42%
HF-CA3 (6, 7) 13 53 107 100% 36.68%

η =
Number of uDoFs
Array aperture size

. (29)

Spatial efficiency has an impact on signal determination and
estimation efficiency. Higher spatial efficiency of the coprime
virtual array structure may ensure high DOA estimation
performance, meaning fewer waste elements in the DCA.
Table 2 shows the spatial efficiency for five different types
of arrays. It can be noted that the proposed HF-CA array
configuration ensures 100% spatial efficiency, when compared
with the remaining types. The HF-CA array designs provide
contiguous lag with a hole-free array configuration, which is
equal to the unique lags.
The lagged redundancy rate is the measure of repeated spatial
lag for pairs of elements in an array. It can be defined as [16]:

rredun =
|P|2 − |D|
|P|2 (30)

where set P represents the positions of the physical array
elements and set D stands for DCA.

Although the redundancy rate can reverberate robustness to
some extent, it suffers from some constrictions. When redun-
dancy is limited to specific levels, high levels of robustness
cannot be obtained even though there is a high redundancy
rate. From Fig. 5, one may notice that the highest level of re-
dundancy is centered on the zeroth element position, and it
is equal to the number of the physical elements in the sparse
array structure. It can be noted that CADiS and the second
proposed array configuration have no positions without any
redundancy.
The DOA estimates of spatial spectrum of the proposed array
structures are shown in Fig. 6.
The array configuration is based onM = 4, N = 5, so the
total number of elements in the array is 9. The simulation
parameters are set to 10 dB, the number of snapshots is 500,
and the source angle is θi uniformly distributed within the
range −60◦, . . . , 60◦. For the HF-CA1 structure, the number
of sources is set toQ = 18. The design of the HF-CA1 matrix
can generate 41 DOFs within the [20 : 0 : 20] range. From
Fig. 6a, one may notice that the HF-CA1 array can estimate
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18 sources effectively. For the HF-CA2 structure, the number
of sources is set to Q = 23. The HF-CA2 array design can
generate 51 DOFs within the [−25 : 0 : 25] range. It can

resolve the 23 sources accurately, as shown in Fig. 6b. For
HF-CA3, the number of sources is set to Q = 25 and all
the sources can be resolved correctly as shown in Fig. 6c,
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since HF-CA3 can generate a uniform segment within the
[−27 : 0 : 27] range and the number of DOFs is 55.

4.2. RMSE Evaluation

The root mean square error (RMSE) is one of the most
common metrics that is used to evaluate the accuracy of
DOA estimation. Calculations of the error between the true
and estimated DOA are given in [26]–[27]:

RMSE =

√√√√ 1
QMC

MC∑
i=1

Q∑
q=1

(θ̃q(i) − θq)2 , (31)

whereMC denotes the number of total Monte Carlo trials, Q
is the number of sources and θ̃q(i) are the true and estimated
DOA, respectively.
The RMSE vs. SNR ratio is shown in Fig. 7a. It can be seen
that HF-CA2 and HF-CA3 configurations outperform the
HF-CA1 array configuration, because there are more DOFs
used for DOA estimation. Figure 7b illustrates the RMSE
vs. snapshots ratio. HF-CA2 and HF-CA3 methods outper-
form the HF-CA1 configuration as the number of snapshots
increases.

5. Conclusions

In this paper, hole-free coprime array structures are proposed
with the positions of their elements being shifted and moved
from one location to another. These proposed methods can

achieve a higher number of contiguous lags and a hole-
free array structure, when compared with other structures.
The performance of the array structure was evaluated using
different robustness parameters, such as spatial efficiency
and redundancy rate, in addition to aperture size and number
of DOFs, and a comparison with other array structures was
performed. The results of simulations and numerical analyses
revealed the effectiveness of the proposed methods.
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Abstract  The paper investigates a context-aware approach to
radio resource allocation for device-to-device (D2D) communi-
cation, focusing on solutions that leverage information on user
equipment location and environmental features, such as build-
ing layouts. A system enabling direct communication by sharing
uplink resources with cellular users is considered. Such a sys-
tem introduces mutual interference between direct and cellular
communications, posing challenges related to maintaining ade-
quate performance levels. To address these challenges, various
context-based resource allocation methods are analyzed, aiming
to optimize spectral efficiency and minimize interference. The
study explores the impact that different D2D device densities
exert on overall network performance measured by means of
spectral efficiency and the signal-to-interference ratio.

Keywords  cellular network, context-awareness, device-to-device,
resource allocation

1. Introduction

Novel system concepts are being explored to address the
growing demand for mobile data traffic in cellular networks.
Among these, device-to-device (D2D) communication, which
enables direct wireless links between pieces of user equipment
(UE), is particularly promising. Unlike conventional cellular
connections that route traffic through the base stations (BSs)
and the core network, D2D communication allows UE to
communicate directly when the individual devices are close
to each other, leading to higher data rates, lower energy
consumption, and reduced transmission delays.
D2D communication is expected to help offload traffic from
future radio access networks (RAN) and support a wide range
of new services, including vehicle-to-everything communi-
cation. Such applications, however, introduce new design
challenges for future systems, particularly related to ensuring
strict quality of service (QoS) and reliability for applications
that may involve large numbers of active users.
D2D communication is often envisioned to work as underlay
to cellular networks, meaning that it shares the radio resources
with the primary system. By allowing D2D devices to share
the same radio resources with cellular users, direct communi-
cation may potentially push the frequency reuse factor (FRF)
beyond one. However, this spectrum sharing poses challenges,
particularly around managing interference, which calls for
advanced power control and resource allocation mechanisms
to maintain network performance.

The main focus of this paper is on resource allocation methods
for D2D communications that leverage context-awareness in
their operation.
The remainder of the paper is organized as follows. In Sec-
tion 2, a short review of existing works is presented. Section
3 contains the description of the system model under consid-
eration. Section 4 presents the proposed resource allocation
solutions. Section 5 evaluates the considered approaches and
discusses the results achieved, while Section 6 presents the
conclusions.

2. Related Works

Many D2D-related studies ( [1]–[7], and [8]) are focused on
mitigating interference in D2D communications. The most
commonly used approaches include power control and re-
source allocation solutions. For example, in [6], a D2D power
reduction method was suggested to control interference with
cellular users. In [9], a location-based power control mecha-
nism was proposed to enhance the parameters of D2D com-
munications. With regards to resource allocation solutions,
a review of the literature focusing on this aspect, and D2D in
general, may be found in [10]. Many solutions presented in
the survey utilize slowly varying channel parameters, such
as path loss or shadowing for resource allocation and D2D
management, with paper [2] being one of the examples here.
A newer survey [11] showcases solutions utilizing artificial
intelligence (AI) for resource allocation. It lists several data-
driven machine learning (ML) approaches that could be used
to enhance resource allocation in D2D communication net-
works. These approaches leverage the ability of ML models
to learn complex patterns and make real-time decisions. For
example, the authors in [3] present a weighted cooperative
Q-learning-based resource selection (WCopQLRS) strategy.
Unlike independent learning schemes, WCopQLRS incorpo-
rates weighted Q-value exchanges among D2D pairs within
a defined cooperation range to minimize interference and
optimize energy efficiency. This approach improves system
throughput, energy consumption, and fairness by leveraging
cooperative learning among neighboring D2D pairs.
Another paper utilizing ML for resource allocation is [12].
The authors developed a multi-agent deep Q-network (DQN)
framework to optimize mode selection and channel allocation
in heterogeneous cellular networks. This model maximizes
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the system sum rate while satisfying the QoS requirements of
cellular and D2D users. Each D2D agent operates indepen-
dently with partial information sharing, thus reducing system
complexity. The proposed approach is claimed to achieve
higher sum rates and QoS satisfaction rates while converging
faster than the baseline methods under consideration. Addi-
tionally, its distributed architecture ensures scalability and
robustness in heterogeneous environments. These are just two
examples from the vast set of references included in [11]. The
number of publications exploring the use of ML in the con-
text of D2D communication shows that this is an area worth
more attention in the future.
However, as mentioned in the introduction, this paper focus-
es on context-aware resource allocation methods for D2D
communications, where resource allocation strategies lever-
age contextual information such as the location of users, with
some works exploring the possibility of using this informa-
tion for that specific purpose [9], [13]–[18]. For example,
in [13] and [15] a power control mechanism and an inter-
ference control strategy using an interference limited area
(ILA) constraint were proposed. The users located in this area
were excluded from the resource sharing scheme. The pur-
pose of the resource sharing area constraint is to ensure that
the probability of a D2D communication outage caused by
interference from cellular users is lower than a predefined
threshold value.
In [18], a resource-sharing criterion with distance limitation
was introduced to reduce the set of cellular users who can
share resources with D2D users, resulting in a reduced prob-
ability of D2D link outage. An additional advantage of the
solution proposed in [18] is that it does not require cellu-
lar users to reduce their transmission power, thus avoiding
degradation in cellular link quality. Another paper utilizing
context-awareness is [19]. Coverage performance in D2D net-
works, which is the main topic of the paper, has received
less attention compared to throughput and energy efficiency
studies.
The authors of [19] address this by constructing a cluster-
based UE classification and spectrum-sharing allocation mod-
el for multi-tier hybrid heterogeneous networks. The presented
approach classifies UEs into clusters based on their locations,
distinguishing between cluster center and edge UEs. By ana-
lyzing the coverage probability of these clusters, the scheme
dynamically adjusts spectrum sharing to enhance resource
utilization and minimize interference. This location-aware
classification ensures that edge devices, which typically face
more interference, receive appropriate resource allocations.
D2D communication is often considered in the context of
vehicle-to-vehicle (V2V) or vehicle-to-infrastructure (V2I)
communications. In [21], a resource allocation scheme for
D2D communication based on channel measurements is pre-
sented, ensuring proportional fairness among users while
maximizing the overall throughput of the system. The pro-
posed method uses allocation in long time slots to improve the
system’s efficiency and fairness. In [22], a resource allocation
method for vehicle-to-everything (V2X) communication sce-
narios based on D2D is introduced, taking into account the

realistic assumption of imperfect channel state information
(CSI). The proposed algorithm aims to maximize the ergod-
ic capacity of the user devices in the vehicle while meeting
quality of service requirements.

However, to the best of the author’s knowledge, not many stud-
ies consider using contextual information for V2V resource
allocation, with [23]–[25] and [26] serving as good examples
here. The authors of [26] propose a location-based approach
to V2V communications, leveraging location stability to en-
hance energy efficiency for both cellular and vehicular users
by reducing computational demands. A location-partition-
based channel allocation and power control method for C-V2X
networks is presented in [25], dividing the coverage area in-
to zones to simplify resource allocation and improve latency
while minimizing interference in high-density scenarios.

Additionally, [24] examines the robustness of location-based
D2D resource allocation schemes against positioning errors,
finding that these methods generally maintain strong per-
formance despite inaccuracies in position estimates, with
only minimal impact on throughput. Finally, [23] compares
location-based and CSI-based methods for resource alloca-
tion in D2D-enabled networks, showing that while CSI-based
approaches offer higher spectral efficiency, they also require
significant feedback, especially in dynamic environments.

In this paper, methods utilizing context-awareness, in the form
of device location and building layout information, in the radio
resource allocation mechanism for D2D communication, are
presented. Unlike the works listed above, which considered
a single cell system, the proposed mechanism is evaluated in
a multi-cell environment with an FRF of 1.
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3. System Description

In this paper, a multi-cell cellular system employing orthogo-
nal frequency division multiple access (OFDMA) with a fre-
quency reuse factor (FRF) of 1 is considered. D2D communi-
cation underlay is enabled by sharing uplink (UL) resources
with cellular users (CUE, cellular user equipment). An illus-
trative diagram is presented in Fig. 1. It is worth mentioning
that the considered system is generic and is not directly related
to a particular cellular system standard. However, the solu-
tions presented are applicable to widely used OFDMA-based
systems, including LTE-A and 5G.
Sharing the uplink radio resources leads to the introduction
of additional interference in the system for both cellular and
direct communication. Interference affecting the receiving
D2D device (DUE, D2D user equipment) occurs when cellular
users transmit on the same radio resources. Conversely, from
the perspective of CUE, interference caused by transmitting
DUE is experienced by the serving base station. One way of
mitigating this interference, as mentioned in Section 2, is to
use a proper radio resource allocation method. The signal-
to-interference ratio (SIR) for the DUE receiver γD and the
base station for the k-th cellular user γCk are given by:

γD =
hD(d)PD

N∑
i=1
hDCi(d)PCi

(1)

and
γCk =

hCk (d)PCk
N∑

i=1,i̸=k
hCi(d)PCi + hD(d)PD

, (2)

where N is the number of neighboring cells using the same
frequency, including the cell where the D2D pair is located.
The parameters hD(d) and hDCi(d) represent the distance-
dependent path losses between the D2D users and between
the DUE receiver and the i-th CUE transmitter, respectively.
hCk(d), hCi(d), and hD(d) represent path losses between
the k-th and i-th cellular transmitters and the base station,
as well as between the DUE transmitter and the base station,
respectively. PD is the transmit power of the DUE, and PCi is
the signal power transmitted by the i-th CUE transmitter. In
the considered system, an open loop power control (OLPC)
mechanism is used to set the transmission power:

PC = min
(
P0 +Ah(d), Pmax

)
, (3)

where P0 is the initial power level of the device, A is the path
loss compensation factor, and h(d) is the path loss between
the transmitter and the receiver. The maximum transmission
power is limited by Pmax.
In developing the resource management method for D2D com-
munication, several assumptions were made. First, the goal
of the proposed solution is to minimize the impact of cellular
traffic on direct communications. This assumption is based on
the fact that the base station possesses greater processing ca-
pabilities, enabling the deployment of advanced mechanisms
to reduce interference from direct communications.

The second assumption is a centralized management ap-
proach, meaning that a D2D control node is introduced into
the system. This node is associated with a set of base stations
serving a specific area and has knowledge of the locations of
the devices it serves, as well as the layout of buildings in the
area covered. The allocation of resources for D2D devices is
implemented on top of the allocation of resources for CUE
devices.

4. Proposed Solutions

In this study, two approaches to the resource allocation prob-
lem were considered, with both of them aiming to minimize
interference at the D2D receiver. The first approach works
by measuring the links between devices which are later re-
ported to the control node. This solution requires knowledge
of the channel state between all nodes in the system, not
just between the users and the base station, which results in
a significant signaling overhead. Therefore, this solution is
impractical, but it serves as a reference point for the second
approach in which contextual information is used for resource
management purposes.
Two context-aware methods are considered: the first one relies
solely on information concerning the location of users in the
cellular network, while the other one uses not only location,
but also knowledge of the layout of buildings in the covered
area. All the mechanisms mentioned use the same resource
allocation procedure, differing only in how resource-sharing

Algorithm 1 Find sharing candidates – Location
Input: Set of D2D pairs
Output: Lists of sharing candidates

1: for each BS attached to D2D control node do
2: for each CUE scheduled for transmission do
3: if dDTX_BS > dd2d and dCTX_DRX >

0.5 · dCTX_BS then
4: Add CUE to list of sharing candidates
5: end if
6: end for
7: Sort the list with dCTX_DRX in descending order
8: end for

Algorithm 2 Find sharing candidates – Map
Input: Set of D2D pairs
Output: Lists of sharing candidates

1: for each BS attached to D2D control node do
2: for each CUE scheduled for transmission do
3: Evaluate line-of-sight conditions for the D2D

receiver and the sharing candidate
4: if dDTX_BS > dd2d and is NLoS then
5: Add CUE to list of sharing candidates
6: end if
7: end for
8: Sort the list with dCTX_DRX in descending order
9: end for
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candidates are selected from the set of CUEs scheduled for
transmission at specific times.
For each transmission time interval (TTI), resources are first
allocated to cellular users at each base station connected to
the D2D control node. Then, a set of D2D pairs is selected
according to the round robin algorithm. The size of this
set depends on the length of the allocation (i.e. how many
resource blocks are available for UEs) for CUE users at the
base stations. Subsequently, for each D2D pair, a sorted list
of candidates for resource sharing is created for each base
station. Depending on the chosen approach, as described
below, this list is created in a different way.
A method relying on the location of users (Location). In this
method, the positions of UE pieces are known. Based on that
information, distances between them are calculated. The pro-
cedure of finding the candidates is presented in Algorithm 1.
The goal of this method is to maximize the distance between
the sharing devices, as this potentially minimizes interfer-
ence. Four distances are considered: distance between the
D2D devices (dd2d), distance from the D2D transmitter to the
base station (dDTX_BS), distance from the CUE sharing can-
didate to the D2D receiver (dCTX_DRX ), and distance from
this candidate to its serving base station (dCTX_BS).
For each scheduled CUE from each base station, these dis-
tances are evaluated. If the distance between the D2D trans-
mitter and the base station is less than the D2D distance, and
the distance from the sharing candidate to the D2D receiver
is more than half of its distance to its respective base station,
the candidate is added to the list. Once all candidates meeting
these criteria are identified, the list is sorted, in descending
order, according to the distance between each candidate and
the D2D receiver.
A method relying on location and building layout (Map).
This method is an extension of the location-based approach,
where in addition to the information concerning the location
of users, knowledge of the layout of buildings in the area
under consideration is used. The procedure is presented in
Algorithm 2. In this case, the condition for adding a given
CUE to the list of resource-sharing candidates is further
restricted by visibility conditions. The method assumes that
only candidates without a direct line-of-sight are added to the
list. Similarly to the location-based method, after considering
all candidates, the resulting list is sorted in descending order
based on the distance between the CUE candidate and the
D2D receiver.
A method using channel state reporting (Min-int). Present-
ed in Algorithm 3, this method assumes that path losses and
expected transmit power levels are known. Based on this
information, the level of interference between devices is de-
termined, specifically the interference from the CUE sharing
candidate to the D2D receiver is taken into consideration
(ICTX_DRX ). The calculated interference level is used to
sort the list of resource-sharing candidates in ascending order.
The lists generated using the methods described above are
used in the next step of the allocation procedure, i.e. in
the selection of specific CUE devices for the D2D pairs
considered in the allocation round. The order of processing the

Fig. 2. Simulation deployment environment: Madrid grid model.
Green, purple and orange dots represent the antennas of the consid-
ered macro BS.

D2D pairs considered in the round is determined based on the
distance between the devices forming a given pair. Resources
are first assigned to pairs with the largest distance between
devices. This is because the probability of low SIR at the
receiver in such pairs, due to greater path loss between the pair,
is higher than for pairs with a small distance between devices.
It may happen that the same sharing candidate is selected for
multiple D2D pairs. In this case, a simple conflict resolution
mechanism is employed which involves selecting the next
candidate from the list. If all candidates on the list have been

Algorithm 3 Find sharing candidates – Min-int
Input: Set of D2D pairs
Output: Lists of sharing candidates

1: for each BS attached to D2D control node do
2: for each CUE scheduled for transmission do
3: Based on known channel loss values and

transmitted signal powers
4: Calculate the interference from the D2D

transmitter to the BS
5: Calculate the interference from the CUE

candidate to D2D receiver
6: Add CUE to list of sharing candidates
7: end for
8: Sort the list with ICTX_DRX in ascending order
9: end for
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Tab. 1. Considered scenarios.

Scenario 1 Scenario 2 Scenario 3
Pedestrian

CUEs 320 335 305

In-vehicle
CUEs 320 345 295

Pedestrian
DUEs 60 46 76

In-vehicle
DUEs 100 74 124

Tab. 2. Network spectral efficiency for different scenarios and
resource allocation methods. All values are in [bps/Hz].

Scenario Method DL spectral
efficiency

UL spectral
efficiency

1

Location 3.97 2.98
Map 4.05 3.07

Min-int 4.14 3.04
No D2D 2.54 1.61

2

Location 4.09 3.09
Map 4.16 3.16

Min-int 4.42 3.32
No D2D 2.49 1.58

3

Location 4.02 3.02
Map 4.08 3.10

Min-int 4.19 3.07
No D2D 2.53 1.58

considered, but not selected, the D2D pair is excluded from
the current resource allocation round.
Once all CUE candidates are assigned to the D2D pairs con-
sidered in the round, the procedure’s final step is to adjust the
initial CUE transmission plan so that each pair of candidates
shares the same resources.

5. Simulation and Results
5.1. Simulation Environment

The resource allocation solutions proposed in Section 4 were
investigated using system-level simulations of an OFDMA-
based cellular network with a frequency reuse factor of one.
The simulation tool used in the experiments was co-developed
by the author and implemented according to the guidelines
set in the METIS project [27]. More details about the tool
can be found in [28].
The simulation tool implements channel models defined by
METIS [29]. These models, unlike the more commonly used
ones, employ 3D map-based real-time methods to assess
line-of-sight conditions between the nodes. METIS channel
models are used for cellular users. For D2D users, a modified
version of the D2D model defined by ITU-R [30] is applied.

The modification involves using a map, instead of a statis-
tical approach as defined in the ITU-R recommendation, to
determine the visibility conditions between specific devices.
The study considers a cellular network deployed in an urban
environment according to the Madrid grid model (MGM)
(Fig. 2) [27]. The MGM deployment includes 12 micro base
stations and a single macro base station and covers an area
of 387 by 552 meters. The MGM incorporates essential
environmental characteristics, such as building heights and
detailed street layouts typical of a European city [27]. These
elements are vital for reliably evaluation of signal propagation
and interference, and thus offer a good point of departure for
assessing resource allocation models.
The considered cellular network consists of a macro base
station placed on top of the tallest building at a height of 50 m.
The base station operates in the frequency division duplex
(FDD) mode in three sectors with antennas placed on the edge
of a building, as shown in Fig. 2. Each sector has a directional
antenna with a pattern defined in [27]. The azimuths of sector
antennas are 0°, 120°, and 240°, relative to the north. Each
sector is operating on a 2.6 GHz carrier frequency using 80
MHz of bandwidth. The round robin method was used to
allocate resources to CUE users, assigning successive resource
blocks to each CUE device in turn.
In the simulation environment, 800 users were evenly dis-
tributed outdoors, either on sidewalks or in vehicles. These
users were further divided into 4 groups:
– pedestrian CUE devices,
– in-vehicle CUE devices,
– pedestrian DUE devices,
– in-vehicle DUE devices.
Different configurations of these groups were considered in
the investigations. The goal was to examine the impact of the
number of D2D devices on network performance, assuming
the use of the considered resource allocation methods. The
configurations analyzed are grouped into three scenarios, as
summarized in the Tab. 1. Scenario 1 considered 80 D2D
pairs (160 UEs) with the distance between each device in
a D2D pair randomly drawn from a range of 0 to 50 m,
according to a uniform distribution, taking into account that
the distance between users in cars is constrained by the
assumed dimensions of the vehicle. Out of all the pairs in
Scenario 1, 30 were pedestrian users, while the remaining 50
D2D pairs were placed in vehicles.
In Scenario 2, the allowable number of D2D pairs was reduced
from 80 to 60 (a 25% reduction), while in Scenario 3, this
number was increased by 25% to 100 pairs. In all cases, the
maximum distance between D2D devices was 50 meters, and
the ratio of pedestrians to in-vehicle users was approximately
0.6.
The mobility of the users (including vehicles) is also modeled
according to the METIS guidelines. The simulations were
repeated 50×, and each simulation lasted 10 s.
Various system performance statistics were gathered during
the simulations, with the most important of them being:
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Fig. 3. Network spectral efficiency for Scenario 1.
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Fig. 4. D2D spectral efficiency for Scenario 1.

– spectral efficiency (expressed in bits/s/Hz) for downlink
(DL) and uplink (UL) (Fig. 3 and Tab. 2), and for active
D2D users (Fig. 4 and Tab. 3),

– cumulative distribution function (CDF) (Fig. 5 and Fig. 6)
and related metrics (Tab. 4 and Tab. 5) of the signal-to-
interference ratio for base stations and D2D communication
receivers.

5.2. Results

The first set of results (Fig. 3) presents the overall spectral
efficiency of the system for the downlink (left bar) and up-
link (right bar) for each of the proposed resource allocation
methods in Scenario 1. Additionally, for reference, simulation
results where direct communication was not allowed (de-
noted as No D2D) are included. When analyzing the graph
and focusing on the downlink results, one may notice that
the reference measurement-based method (min-int) achieves
the best results. The map-based method (map) is the run-
ner up, followed by the location-based (location) approach.
However, it is worth noting that the differences between them
amount to several percentage points only. When analyzing
the uplink results, we see that the differences are even small-
er, with the map-based method performing the best. When
comparing all the results with a system without any direct
communications, the benefits of introducing D2D communi-
cation become clearly visible. The noticeable increase in the
system’s spectral efficiency is achieved by offloading the core
network and raising the frequency reuse factor beyond one.

Tab. 3. D2D spectral efficiency for different scenarios and resource
allocation methods. All values are in [bps/Hz].

Scenario Method Spectral efficiency

1
Location 2.22

Map 2.33
Min-int 2.47

2
Location 2.43

Map 2.53
Min-int 2.92

3
Location 2.19

Map 2.29
Min-int 2.44

The spectral efficiency of the network was determined for all
the considered deployment scenarios. The results are summa-
rized in Tab. 2. The conclusions from comparing allocation
methods in each scenario are the same as above, but one can
notice a certain difference between the scenarios. We can
observe that an increased number of D2D pairs does not auto-
matically improve the system’s overall efficiency. In this case,
a reduction of the number of devices, in relation to Scenario
1, has led to a greater efficiency gain. While increasing the
number of pairs also improved efficiency compared to Sce-
nario 1, the improvement was smaller than in Scenario 2. This
suggests that there may be an optimal number of D2D pairs
in a network that maximizes its overall spectral efficiency.
The simulations also provided results regarding the spec-
tral efficiency of the devices capable of forming D2D pairs
(Fig. 4). In this graph, a trend that is similar to the one vis-
ible in Fig. 3, may be observed. However, in this case, the
differences between different allocation methods are larger,
reaching a maximum of approx. 12%. As before, the location-
based method achieves the lowest effectiveness. However,
the incorporation of maps may enhance its performance.
The method relying on channel state measurements delivers
the best results, as it possesses the most precise knowledge
of transmission conditions. However, as mentioned earlier,
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Tab. 4. Median and 10th percentile SIR at the BS for different
scenarios and resource allocation methods. All values are in [dB].

Scenario Method Median 10th perc.

1

Location 22.141 –4.3065
Map 22.499 –4.3058

Min-int 19.041 –2.1492
No D2D 25.631 1.6646

2

Location 21.223 –4.9543
Map 21.474 –4.6288

Min-int 18.077 –2.5884
No D2D 25.122 0.8034

3

Location 22.798 –3.7181
Map 23.152 –3.5979

Min-int 19.677 –1.5049
No D2D 25.098 1.5184

conducting measurements and reporting the channel state be-
tween all devices in the network would result in excessive
signaling overhead. By comparing D2D spectral efficiency in
different scenarios (Tab. 3), one may notice that an increase
in the number of D2D pairs in the system leads to more com-
petition for resources between D2D pairs, with the overall
D2D communication performance suffering as a result. A
possible solution to this problem could be a more sophisticat-
ed scheduling algorithm than the round robin approach used
in the simulations.
The next investigated aspect was the impact of D2D commu-
nication on the signal-to-interference ratio at the base station.
Fig. 5 shows the cumulative distribution function of SIR at
the base station in Scenario 1. The differences between the
considered cases are not very pronounced, with the median
SIR equaling 22.1, 22.5, 19, and 25.6 dB for the Location,
Map, Min-int and No D2D cases, respectively. It can be ob-
served that the min-int method has the greatest impact on
the base station’s SIR. This is mainly due to the lack of ad-
ditional constraints, such as distance or line-of-sight, when
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Tab. 5. Median and 10th percentile SIR at the D2D receiver for
different scenarios and resource allocation methods. All values are
in [dB].

Scenario Method Median 10th perc.

1

Location 28.360 8.6160
Map 30.249 8.6160

Min-int 29.740 8.9721
No D2D 25.887 9.2703

2

Location 27.750 8.9115
Map 29.745 9.7949

Min-int 30.466 9.3058
No D2D 25.628 8.8109

3

Location 28.939 9.3148
Map 30.559 10.7750

Min-int 30.365 9.6873
No D2D 25.550 9.3708

adding devices to the list of sharing candidates. We also see
that the location-based method and the map-based approach
exert very similar impacts on the base station’s performance.
When analyzing the base station’s SIR statistics for the con-
sidered deployment scenarios, as presented in Tab. 4, we find
that a decrease in the number of devices (Scenario 2) results
in a lower median SIR compared to the other cases. However,
the differences in the median values are very small and we
should also consider the reference SIR value for the No D2D
case in each scenario in the comparison. More noticeable dif-
ferences are visible in the 10th percentile statistic, but the
trend according to which a lower number of D2D devices
exerts a higher impact on SIR at the base station is still upheld.
SIR of the D2D pair devices may be analyzed in a similar
manner (Fig. 6). It can be noted that all three methods protect
D2D communication to a similar degree, with the location-
based method slightly underperforming compared to the
others, in the range from the median to the 90th percentile. For
example, the difference in the median compared to the map-
based method is approximately 2 dB (30.25 dB for the map-
based method and 28.36 dB for the location-based method).
This difference is a result of the additional protection imposed
by the visibility conditions in the map-based method.
Such an approach increases the SIR but does not necessarily
mean better system performance, as this restriction may result
in fewer transmission opportunities. Looking at Tab. 5 in
which the median and the 10th percentile statistics for D2D
SIR in Scenarios 1–3 are presented, one may notice that once
again a reduction in the number of D2D devices lowers the
median SIR. However, the same cannot be said about the 10th
percentile SIR. In this case, both an increase and a reduction
in the number of D2D devices in relation to Scenario 1 lead
to a higher value of this statistic.
When analyzing both spectral efficiency and SIR, it is worth
considering why a reduction in the number of D2D pairs re-
sults in better spectral efficiency, despite worse SIR statistics.
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This is likely due to the increased number of transmission op-
portunities for D2D pairs, as reduced competition allows for
achieving higher spectral efficiency in this scenario, compared
to other approaches.

6. Conclusions

The paper presents and analyzes resource allocation meth-
ods utilizing contextual information, such as the location of
users and buildings layout. The context-aware methods are
compared with each other and with a reference method that
operates using measurements and channel state reporting.
The study shows that context-aware methods may be used
effectively to support resource allocation in direct communi-
cations.
Analysis of the impact that D2D device density exerts on
the system’s performance, performed in the course of this
study, indicated that an excessive number of D2D devices can
negatively affect overall performance measured by means of
spectral efficiency.
Additionally, it is demonstrated that introducing direct com-
munication in a cellular system brings several benefits, such
as increased spectral and energy efficiency (due to trans-
missions over smaller distances). It was also shown that the
impact of D2D communication on the performance of a cel-
lular system turned out to be minimal in the scenarios under
consideration.
In future work, a comparison with ML-based allocation meth-
ods could be conducted to further evaluate the proposed
context-aware resource allocation solutions. Such a compar-
ison would provide valuable insights into the performance
trade-offs between pure context-based approaches and ML
models.
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Abstract  Semantic segmentation of plant images is crucial
for various agricultural applications and creates the need to
develop more demanding models that are capable of handling
images in a diverse range of conditions. This paper introduces
an extended DeepLabV3+ model with a channel-wise attention
mechanism, designed to provide precise semantic segmenta-
tion while emphasizing crucial features. It leverages semantic
information with global context and is capable of handling ob-
ject scale variations within the image. The proposed approach
aims to provide a well generalized model that may be adapt-
ed to various field conditions by training and tests performed
on multiple datasets, including Eschikon wheat segmentation
(EWS), humans in the loop (HIL), computer vision problems
in plant phenotyping (CVPPP), and a custom “botanic mixed
set” dataset. Incorporating an ensemble training paradigm, the
proposed architecture achieved an intersection over union (IoU)
score of 0.846, 0.665 and 0.975 on EWS, HIL plant segmentation,
and CVPPP datasets, respectively. The trained model exhibited
robustness to variations in lighting, backgrounds, and subject
angles, showcasing its adaptability to real-world applications.

Keywords  channel-wise attention, computer vision,
DeepLabV3+, deep learning, plant segmentation, seman-
tic segmentation

1. Introduction

Computer vision-based segmentation methods have been used
to address some data-rich agriculture problems. Segmentation
of plant structures enables precise crop monitoring, disease
detection, and weed management. It facilitates targeted in-
terventions, optimizes usage of resources and contributes to
sustainable production.

Semantic segmentation of plant structures involves classi-
fying image pixels into distinct categories, such as leaves,
stems, and fruits. Conventionally, thresholding for semantic
segmentation of plant images involves differentiating between
the foreground (green color) and background. Such an ap-
proach was employed in works [1] and [2]. This involved
using such indices as excess green index (ExG) [3], normal-
ized green-red difference index (NGRDI) [4], and color index
of vegetation extraction (CIVE) [5] to enhance the green color
of plants in the images.

The reliance of such methods on the green color limits their
effectiveness and applicability to cases where the plant col-
or differs significantly from the background. Additionally,
variations in lighting conditions and reflections can impact
segmentation accuracy, posing challenges for generalization
across different scenarios [6]. Therefore, classic methods
used for semantic segmentation of plant images pay atten-
tion to the features in an image and compare the differences
between and/or gradients of pixels. These methods employ
mathematical models and algorithms to identify regions of
interest within an image. To identify these regions, common
characteristics such as color, texture, and intensity are used.
These segmentation techniques, though simple, fast and
memory-efficient, are more applicable to simple segmen-
tation tasks. They require fine tuning for the specific use
case and provide limited accuracy for complex scenes, which
makes them considerably unsuitable for dealing with plant
images.
On the other hand, deep learning-based methods perform
segmentation-related tasks by employing neural networks to
identify the vital features in an image [7]. These developments
have resulted in some decent image segmentation models,
boasting remarkable performance improvements over their
classic predecessors.

2. Related Work
Research and development related to semantic segmentation
focused on deep learning approaches and has resulted in
the creation of various models relying on a wide array of
architectures. The authors of [8] proposed a two-stage deep
learning approach for plant disease detection. In the first stage,
semantic segmentation models (U-Net [9], SegNet [10], and
DeepLabV3+ [11]) were employed to extract plants from
the input, with U-Net achieving the highest mean weighted
intersection over union (mwIOU) of 0.9422. In the second
stage, DeepLabV3+ outperformed the previous approach
achieving mwIOU of 0.7379 for disease localization. Such
an integrated model combining U-Net and DeepLabV3+
demonstrated robust performance. Unfortunately, the paper
lacks a discussion on the generalization methods making
it suitable to various crop species or diseases and omits
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insights into computational costs – a crucial aspect for real-
time segmentation tasks. These limitations should be taken
into account while considering broader applicability of the
proposed two-stage model.
Paper [12] introduces a semantic segmentation framework
leveraging both real and synthetic data. The proposed ap-
proach employes a mask region-based convolutional neural
network (R-CNN) model with a ResNet101 backbone [13]
and a feature pyramid network (FPN) [14]. Synthetic images
were generated from a dataset focusing on computer vision
problems in plant phenotyping (CVPPP) encountered in the
leaf segmentation challenge (LSC) [15]. Training the mod-
el on a dataset comprising both real and synthetic images,
the authors achieved a leaf segmentation score of 90% on the
A1 subset of the CVPPP dataset, with a mean score of 81%
across the entire dataset.
Article [16] utilizes U-Net for semantic segmentation of leaf
structures in plants. Leveraging the architecture’s lightweight
structure, as well as its computationally less intensive nature
and fast inference, the authors trained it on the CVPPP-LSC
dataset and achieved an intersection over union (IoU) of
90.56% and 98.69% on training and testing sets, respectively.
Utilizing the U-Net architecture, the proposed model was
resistant to varying input image dimensions. However, it is
crucial to take note of the fact that the proposed approach is
overly reliant on the training dataset.
The dataset contains images of Arabidopsis thaliana and
Nicotiana tabacum (Tobacco) plants, with the structures being
highly similar and all green. This affects the model’s ability
to generalize over a diverse range of plant structures and
varying colors. Additionally, the images were captured in
indoor conditions, in ideal lighting environments and have no
structural overlap. This creates reservations concerning the
segmentation quality of the model when used outdoors, where
lighting, shadows, occlusions and position of the subject all
could vary. In order to be used in real-world applications, the
model would require rigorous tuning and diverse datasets.
The authors of [17] performed semantic segmentation on tall
fig shrubs under real-world, open-field cultivation conditions.
The proposed methodology made use of a convolutional neu-
ral networks (CNN) architecture inspired by SegNet with
fewer trainable parameters. It was trained on a custom dataset
comprising fig shrub images, captured from a drone, at a rel-
atively high altitude and achieved an impressive accuracy of
93.84%. The introduced model was robust enough to handle
varying outdoor visual conditions, such as shadows, occlu-
sions, plant overlap, sunlight illumination. Additionally, ow-
ing to its smaller size, it was relatively computationally less
intensive for inference purposes.
The literature review indicates that complexity of plant struc-
tures is an important factor, as plants contain structures of
varying scale – from fine vein-like elements to the shape
of the entire plant – making it increasingly difficult to have
one model to detect them all. Illumination is another key
factor, as variations in lighting conditions, especially in out-
door settings, affect the plants” appearance and visibility. The
background is the next factor that needs to be taken into con-

sideration, as images may often contain cluttered backdrops
such as weeds, parts of other plants, soiling caused by wetting
or drying, moss, etc. The availability of high-quality annotat-
ed data is another challenge. Annotation of plant images for
segmentation purposes may be highly be labor-intensive and
time-consuming Therefore, the process of creating large and
diverse datasets poses a demanding challenge [18].
The culmination of these factors, from variations in outdoor
conditions to the availability of data, creates a challenging
scenario while developing the segmentation model. However,
taking account of the dataset’s inherent nature, it would be
increasingly difficult to adapt the proposed model to segment-
ing plants that exhibit different structures, or to plant images
that have been captured from a closer distance. The authors
noted poor accuracy in scenes in which miscellaneous struc-
tures were visible along the fields or plants. Furthermore,
the model’s smaller size creates uncertainty regarding its
ability to capture increasingly complex scenes for effective
segmentation.
To overcome the “less-than-ideal” condition and over-reliance
on training datasets, we introduce a DeepLabV3+ model
coupled with a channel-wise attention mechanism referred to
as “squeeze & excitation” (SE). The aforementioned model
has been tested using our custom dataset, i.e. “botanic mixed
set” [19], to evaluate the its generalization capabilities and
applicability to data that is comprehensively unseen and
different.

3. Methodology

The work presented in this paper introduces a robust seman-
tic segmentation model with the ability to generalize over
a wide array of plant species and handle various issues, as
discussed in Section 1, by exploiting modern deep learning
methods. The encoder’s shallow layers represent the image
as a low-level feature map presenting basic, simple, and lo-
cal characteristics of an object in the image, such as edges,
textures and corner points. The deeper layers output a high-
level representation of the image, focusing on complex shapes
and a deeper understanding of the global context. High-level
features are often composites of multiple low-level features.
The DeepLabV3+ segmentation model was chosen based on
its encoder-decoder architecture. The model makes use of the
atrous spatial pyramid pooling (ASPP) module (fed with high-
level features from the encoder), which internally makes use
of atrous (or dilated) convolutions. Atrous convolutions differ
from normal convolutions in the way that they introduce gaps
in the kernel with a parameter called dilation rate. When these
dilated kernels stride over image pixels, they may capture
a wider field of view, thus producing a feature map that has
a certain spatial context.
In the ASPP module, several atrous convolutions at different
dilation rates are performed in parallel in order to obtain
their corresponding feature maps. These maps, along with
a global average pooling map, are concatenated to form the
ASPP output. This output is rich in spatial context at different
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Fig. 2. Architecture of the squeeze and excitation (SE) module.

scales. High-level features from ASPP and low-level features
from the encoder are concatenated together in the decoder to
combine semantic information with increased spatial context.
Pixel-wise classifications are performed and the original input
resolution is achieved with consequent 3×3 convolutions
and bilinear up-sampling by 4. A simpler way to look at
the architecture is to observe that at the model is initially
aware of the position of a given object in the image (spatial
information) but is not exactly aware of what that object
is (lacking semantic information). As the input propagates
forward, the model becomes aware of what the object is, thus
gaining semantic information, but because of the repeated
convolutions, it lacks global spatial information.
Segmentation models, with their goal being to assign class
labels to every pixel in the image, require spatial information
to delineate object boundaries and semantic information to

differentiate object categories within the image. Thus, skip-
connections are utilized to transport both spatial and semantic
information (through ASPP) to the decoder. The decoder
combines both and gets a concatenated feature map which not
only knows what the object is, but also where exactly it is.

Figure 1 provides an overview of the model described in
this paper. CNNs at each layer output feature maps that
assist the network in extracting hierarchical information from
the input. These feature maps are represented as tensors of
B ×C ×H ×W dimensionality, where B denotes the batch
size,C denotes the number of channels,H denotes the height,
andW denotes the width. Feature maps are representations of
different features in an image, and directly affect the quality
of output. The aim is to recalibrate these feature maps in such
a way that, for a given task, they capture and highlight only
those properties of an object that benefit the output.
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A way of achieving feature recalibration is channel-wise at-
tention. When CNN outputs feature maps, the channels within
it are equally weighted. Since channels represent the deriva-
tion of different features from an input (convolutional filters),
it is given that not all the channels within a feature map hold
equal representational importance for a specific task. Pa-
per [20] proposed a method of applying channel-wise weights
to describe their representativeness. Thus, more important
features are amplified the less useful ones are suppressed.
This method involved using a SE module responsible for the
squeeze and excite operation.
Figure 2 illustrates the SE operation that is employed in this
study. For the squeeze operation, consider the feature map as
a tensor of dimensionality C ×H ×W . A channel descriptor
is formed here by aggregating the input feature map across its
spatial dimensionsH×W , forming a single numerical value.
The goal of this aggregation is to capture global information
about the feature map in a channel-wise manner. Global
average pooling is a way to perform these aggregations. The
output of the squeeze operation is in theC×1×1 dimensions
and is forwarded to the excite operation.
The excite operation consists of two fully convolutional net-
work (FCN) blocks with a ReLU and sigmoid activation,
respectively. The first block performs dimensionality reduc-
tion on C channels by a reduction factor r, with the goal of
this operation being to decrease computational complexity
and maintain global information at smaller scales. The in-
put is now reduced to dimensions of Cr × 1× 1 and is passed
onto the next FCN block for scaling the reduced map to the
original dimension of C × 1× 1. The output of the excita-
tion operation is a set of scaling factors for each channel,
represented by a weighted tensor of dimensions C × 1× 1.
The weighted tensor can now be multiplied with the original
feature map with dimensionsC×H×W to obtain the output
of the SE module, i.e. a re-calibrated feature map. Within
this study, SE modules with a reduction factor r of 8 have
been incorporated in the final 3×3 convolutions, following
the fusion of spatial and semantic information.

3.1. Implementation Details

The segmentation model was implemented with TensorFlow
and Keras libraries. It was trained using the Nvidia Tes-
la T4 unit with 16 GB GPU memory. The model follows
a DeepLabV3+ architecture with a choice of backbone be-
tween ResNet50 [13] and Xception [21], pre-trained on Ima-
geNet weights [22]. For training datasets data augmentations
applied as detailed in Section 4.
The training paradigm consisted of the Adam optimizer with
a learning rate ranging from 1E–4 to 1E–7, batch-size of
16 and 80 epochs. The process was further configured with
ReduceLROnPlateau with 5 epochs, a factor of 0.1 and ear-
ly stopping with a patience of 20 epochs. L2 regularization
was also used in the SE module with a factor of 1E–4. In-
corporating an ensemble approach, an additional training
methodology leveraged progressive refinement of weights, as
depicted in Fig. 3.

Start
ensemble training

Load data

Load
weights

Adjust LR
and threshold

End
ensemble
training

Train model i

Yes

Yes

No

No

Save poor performing
examples to data

i=k?

Model i–1
weights
exist?

Fig. 3. Flowchart depicting ensemble training with i as the current
model index and k representing the total number of models.

RGB image Ground truth Model v 1.5

Model v 1.9 Ensemble-ResNet50 Ensemble-Xception

Fig. 4. Evaluation on EWS dataset.

Each subsequent model in the ensemble was initialized with
the weights of the previous model. To increase robustness,
poor performing examples present in the validation set, with
the intersection over union (IoU) value below a certain thresh-
old, were identified and oversampled at the end of each mod-
el’s training. This intensified the model’s subsequent exposure
to challenging instances. To expedite model convergence,
the learning rate for each new model in the ensemble was
decreased (see Eq. (1)), aiding in achieving a dynamic adap-
tation mechanism. Additionally, the initial IoU threshold was
increased, promoting a more deliberate learning process using
the following equation:

αi =
α

2(i−1)
, (1)

where: αi – learning rate for model I , α – initial learning
rate for the ensemble, and i – index of current model in the
ensemble.
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Tab. 1. Dataset details.

Dataset Origin No. of images Plants Imaging equipment Conditions

EWS [23] Eschikon, CH 190 Wheat Canon 5D Mark II Outdoor

CVPPP [15] Various 810 Arabidopsis,
tobacco Varied cameras Indoor

HIL [24] Aarhus University, DK 144 Plant seedlings Not specified Indoor
BMS [19] Chandigarh, IN 47 Various Nikon D3300 Outdoor

4. Results

For training and evaluation of the model, three publicly
available datasets were used: Eschikon wheat segmentation
(EWS) [23], humans in the loop (HIL) plant segmentation
[24] and computer vision problems in plant phenotyping
(CVPPP) [15]. For a final evaluation with less than-ideal real-
world conditions, a custom dataset called botanic mixed set
(BMS) [19] was developed. The evaluation performed on the
custom dataset aims to test the reliance of the model on the
training datasets used, and to observe the model’s ability to
adapt to changing illumination, angle, and distance to subject
within the images.
The datasets detailed in Tab. 1 are annotated with binary
masks for soil/background and plant regions. The CVPPP
dataset features subsets A1 to A4, offering distinct experimen-
tal settings for Arabidopsis thaliana and Nicotiana tabacum
(Tobacco). Additionally, it undergoes a custom subset, com-
bining subsets A1, A2 and A4 (totaling 267 images). The
evaluation set for CVPPP consists of 63 images representing
all of the subsets.
Data augmentation is a pivotal technique in enhancing the
training efficiency of deep neural networks by artificially
increasing the size of training set through transformations
applied to the existing dataset. In study [25], various data
augmentation techniques were tested within the context of
CNNs, revealing their substantial impact on model training
and evaluation. The chosen augmentation strategy plays a cru-
cial role in improving the model’s robustness by exposing
it to a diverse range of scenarios. For this paper, data aug-
mentation served the dual purpose of addressing the limited
size of sourced datasets and aiding the model in effectively
generalizing in response to previously unseen data.
Implemented through the augmentations Python library, the
data augmentation process involved applying six transforma-
tions to each example in the dataset, resulting in six modified
copies alongside the original example. This approach ef-
fectively increased the dataset size by a factor of six. The
transformations included horizontal and vertical flipping,
channel shuffling, random adjustments to brightness, con-
trast, rotation of the image by 45°, and a random crop. The
resultant dataset was resized to 256 by 256 pixels.
It is crucial to note that the input images and masks underwent
normalization to the [0, 1] range. Furthermore, the images
were standardized using a mean of [0.485, 0.456, 0.406] and
a standard deviation of [0.229, 0.224, 0.225] to adhere to

ImageNet specifications. This pre-processing ensured com-
patibility and consistency in model training.

4.1. Metrics

For assessing performance of the model during the training
and evaluation phases, intersection over union (IoU) and
Dice coefficient were used. IoU, also known as the Jaccard
index, is the main performance tool used in this work, and
is a popular metric for segmentation tasks. It measures the
accuracy of localizing objects by calculating the intersection
of the predicted mask and the ground truth mask, dividing
that by the union of the two:

IoU(A,B) =
A ∩B + x
A ∪B + x . (2)

Dice coefficient, also known as the Dice similarity index or
Dice score, is another metric for image segmentation. It is
used to quantify the similarity or overlap between two sets. In
the context of image segmentation, it can be used to compare
pixel-wise agreement between the predicted mask and its
corresponding ground truth:

Dice (A,B) =
2× (A ∩B) + x
(A ∪B) + x . (3)

Dice loss is the loss function of the proposed model, derived
from the Dice coefficient. This loss function encourages the
model to produce masks that have a higher area of overlap
with ground truth masks:

DiceLoss (A,B) = 1− 2× (A ∩B) + x
(A ∪B) + x . (4)

In Eqs. (2) – (4), A is the predicted mask, B stands for the
ground truth mask, and x is the smoothing factor.
The focus of the experiments was to enhance the generaliza-
tion ability of the model across varying conditions. Dice loss,
IoU, mean IoU (mIoU) and mean Dice coefficient (mDice)
are the evaluation metrics used. It should be noted that the
benchmarks presented further are results of training with
a ResNet50 and Xception backbone, pretrained with the Ima-
geNet weights.

4.2. Evaluation on EWS Dataset

In the process of hyperparameter and dataset tuning, an array
of model versions was developed to obtain the best results.
The best validation results achieved, measured based on IoU,
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Tab. 2. Performance evaluation on EWS dataset.

Model version Training Backbone IoU Dice loss mIoU

1.0 Singular ResNet50 0.705 0.176 0.578
1.1 Singular ResNet50 0.741 0.151 0.607
1.2 Singular ResNet50 0.753 0.143 0.621
1.3 Singular ResNet50 0.755 0.141 0.628
1.4 Singular ResNet50 0.763 0.134 0.621
1.5 Singular ResNet50 0.768 0.131 0.629
1.6 Singular ResNet50 0.766 0.132 0.625
1.7 Singular ResNet50 0.762 0.152 0.625

1.7.1 Singular ResNet50 0.413 0.486 0.643
1.8 Singular ResNet50 0.758 0.170 0.621
1.9 Singular ResNet50 0.767 0.143 0.626
- Ensemble ResNet50 0.846 0.084 0.828
- Ensemble Xception 0.842 0.087 0.826

Tab. 3. Benchmark results and comparison with other papers related
to EWS dataset.

Benchmark IoU

Rico-Fernández et al. [26] 0.691
Zenkl et al. [23] 0.775

Yu et al. [27] 0.666
Sadeghi-Tehran et al. [28] 0.638

Proposed model 0.846

and their comparison with other publications, are presented
in Tab. 3.
In [26], spatial context is provided in the form of a 5×5
window around individual pixels translated into CIELUV
color space and input into a support vector classifier (SVC).
Paper [23] used a DeepLabV3+ model with a ResNet50
backbone, feeding extra features as supplementary inputs.
SVC was employed in the decision tree with preliminary
weather state classification in [27]. The authors of [28] used
a random forest classifier with the input having the form
of 21 different color features. Note that the methods from
[26]– [28] were reverse-engineered and tested by authors
of [23] to obtain benchmarks on the EWS dataset. Table 3
presents a comparison of metrics between the aforementioned
publications, while Tab. 2 presents a comparison of results
between different model variations proposed in this paper.
As one may notice from Tab. 2, there is a significant decrease
in the metrics in model v1.7.1. This decrease may be attributed
to the number of dilated convolutional layers in the ASPP
module. Model v1.7.1 saw an increase to 4 dilated convolution
layers, but their respective rates were reduced to 4, 8, 12 and
16, in contrast to the higher dilation rates used in other model
variations. This highlights the observation that the choice of
dilation rates and the number of dilated convolutions may exert

a significant impact on model performance and segmentation
quality. The contrast between the Dice loss metric in model
v1.5 and v1.9 is visible in that the former was configured with
3 dilated convolutions with rates of 12, 24, 36, and the latter
was configured with 5 dilated convolutions with rates of 6,
12, 18, and 24. While IoU between the two remained close
(0.768 vs. 0.767), the Dice loss varied (0.131 vs. 0.143). It
should be noted that every other adjustable hyperparameter
was kept identical for both model variations.
Since ASPP is crucial for capturing spatial information, lower
dilation rates may help in paying attention to intricate details in
the scene, while higher rates can assist in capturing wider plant
variations. Despite the higher loss in model v1.9, it is able
to capture the intricate details better, but may require more
computation on account of more parallel dilated convolutions.
The ensemble training approach making use of ResNet50
yields superior metrics, as the progressive refinement of
weights is coupled with increased exposure to sub-optimal
instances. It leads to a final model characterized by superior
segmentation quality and heightened resilience to diverse
conditions. The Xception-backed ensemble model achieves
slightly lower metrics than ResNet50, but was increasingly
efficient at capturing the finer-grained details in the scene,
paving the way for better segmentation quality.

4.3. Evaluation on HIL Plant Segmentation Dataset

The training process for HIL plant segmentation dataset (HIL-
PS) followed the same procedure as EWS. The results of dif-
ferent model variations are presented in Tab. 4. While the
model has demonstrated satisfactory performance on other
datasets, it is crucial to take note of dataset-specific attributes.
The lower performance metrics on the HIL-PS dataset can
be attributed to a distinctive characteristic, specifically the
relatively smaller size of plant specimens. Despite the mod-
el’s capability to capture fine-grained details, the diminutive
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Fig. 5. Evaluation on HIL – diminutive samples.
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Fig. 6. Evaluation on HIL – optimal size samples.

proportions of the plants result in scenes with limited infor-
mative content. The model excels when dealing with scenes
abundant with acquirable information, but faces difficulties
in preserving segmentation quality for smaller-sized samples.
The approach to ensemble training proved to be a pivotal en-
hancement. It not only led to improvements in performance
metrics but also showcased superior segmentation quality for
diminutive and optimally sized samples. The segmentation
outcomes from the optimal model (ensemble) for this specific
dataset are depicted in Figs. 5–6.

4.4. Evaluation on CVPPP Dataset

This subsection presents the results of models trained on
different splits (A1, A2, A3, A4, custom split) of the CVPPP
dataset. The evaluation split is formulated from a combination
of splits known as A1 to A4 (63 images in total) – see Tab. 5.
In Tab. 6, the precise dataset splits used for model training
determine the observed variance in outcomes. The A1 split

R
G

B
 i

m
ag

e

G
ro

u
nd

 t
ru

th

E
ns

em
bl

e-
R

es
N

et
50

E
ns

em
bl

e-
X

ce
pt

io
n

Fig. 7. Evaluation on CVPPP.
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Fig. 8. Evaluation on CVPPP dataset.

was mostly made up of Arabidopsis thaliana images, with
plant specimens grown in pots, frequently accompanied by
a dirt surface/background covered with green colored moss.
This unique environment complexity most likely contributed
to the poorer IoU and Dice loss metrics. The A3 split, on the
other hand, revealed a data restriction with just 27 images of
Nicotiana tabacum plants. Furthermore, the photos included
plants with lower proportions and complex backgrounds,
which made proper model training difficult.
Despite these obstacles, the A3-trained model demonstrated
exceptional generalization skills on the CVPPP evaluation
set, showcasing its adaptability to conditions exceeding the
training limits. In contrast, the model trained on the custom
split displayed exceptional metrics – as listed in Tab. 6 – for
splits A1 to A4. Suitably sized and augmented splits increased
its diversity and facilitated effective model generalization.
Using an ensemble paradigm for custom split training has led
to a small improvement in metrics and better generalization
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Tab. 4. Performance evaluation on HIL-PS dataset.

Model version Training Backbone IoU Dice loss mIoU

1.0 Singular ResNet50 0.288 0.567 0.372
1.1 Singular ResNet50 0.516 0.356 0.420
1.2 Singular ResNet50 0.550 0.307 0.472
1.3 Singular ResNet50 0.550 0.306 0.469
1.4 Singular ResNet50 0.547 0.309 0.458
– Ensemble ResNet50 0.665 0.202 0.547
– Ensemble Xception 0.646 0.217 0.494

Tab. 5. Performance evaluation on CVPPP dataset.

Dataset Training Backbone IoU Dice loss mIoU

A1 Singular ResNet50 0.454 0.387 0.215
A2 Singular ResNet50 0.915 0.044 0.635
A3 Singular ResNet50 0.451 0.362 0.652
A4 Singular ResNet50 0.921 0.043 0.812

Custom split Singular ResNet50 0.957 0.051 0.853
Custom split Ensemble ResNet50 0.975 0.013 0.859
Custom split Ensemble Xception 0.972 0.015 0.856

Tab. 6. Split-wise evaluation results.

Dataset Training Backbone Evaluation – split mIoU mDice

Custom split Singular ResNet50

A1 0.930 0.964
A2 0.816 0.884
A3 0.880 0.919
A4 0.915 0.955

Custom split Ensemble ResNet50

A1 0.937 0.967
A2 0.844 0.907
A3 0.889 0.924
A4 0.921 0.958

Custom split Ensemble Xception

A1 0.922 0.960
A2 0.787 0.861
A3 0.898 0.943
A4 0.911 0.953

across all splits. This shows the impact of dataset variables on
model’s performance and illustrates the efficiency of strategic
augmentation and ensemble techniques in generalization
across plant diversity. Figures 7-8 show segmentation results
on the optimal model for this dataset.

4.5. Evaluation on BMS Dataset

The best-performing models from singular and ensemble
training on EWS, HIL, and CVPPP datasets were further
tested on the botanic mixed set (BMS). This was done to assess
how well they could adapt to different training sets. Mean

intersection over union (mIoU) and mean Dice coefficient
(mDice) were the metrics used for this evaluation. The goal
was to understand if these models could perform consistently
across a diverse range of botanical specimens. The results
shed light on the adaptability and reliability of the models
in diverse settings. Through the metrics presented in Tab. 7,
it is evident the EWS-trained model is the best performer.
The model was able to capture a variety of plant structures
in the image, such as leaves, long stems, etc. but struggled
with capturing diminutive structures and often under- or
over-classified the objects. This could be attributed to the
nature of the data the model was trained on. The HIL-trained
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Fig. 9. Evaluation on BMS dataset.

Tab. 7. Performance evaluation on BMS dataset.

Dataset Training Backbone mIoU mDice

EWS
Singular

Ensemble
ResNet50
ResNet50

0.504
0.503

0.642
0.643

Ensemble Xception 0.508 0.648

HIL
Singular

Ensemble
ResNet50
ResNet50

0.243
0.385

0.369
0.524

Ensemble Xception 0.278 0.423

CVPPP
Singular

Ensemble
ResNet50
ResNet50

0.287
0.248

0.394
0.332

Ensemble Xception 0.184 0.259

model was comparatively better at capturing the diminutive
species but struggled with global context, hence could not
segment larger plant structures. It was also observed that the
model significantly struggled with complex backgrounds in
the input images. The CVPPP-trained model was remarkable
at capturing leaf structures and finer details but struggled
with plants that did not resemble the structure of plants
in its training set, i.e. long stems. It was observed that the
ensemble models, even when not trained with augmented data,
demonstrated superior metrics and segmentation quality in
certain scenarios. This underscores their exceptional capacity
to generalize across a dataset despite having fewer examples
– see Fig. 9.

5. Limitations and Future Work

Deep learning models are capable of fitting large amounts
of training data for generalization purposes. Their learning
capabilities make them extremely susceptible to overfitting
or underfitting in a scenario in which the dataset is smaller
in size. The goal is to find a balance between the two and
generalize well for a salient task. DeepLabV3+, while being
a powerful semantic segmentation model, is relatively large
and complex. Training with larger datasets and batch sizes
may require significant amounts of computational power.
The architecture also requires large datasets for effective
training, which can be a bottleneck as datasets with good
ecological diversity and quality annotations are difficult to find
in the public domain. Adapting the architecture to a particular
domain requires significant data and hyper-parameter tuning,
both of which are time consuming.
The real-world generalization ability of each specific dataset-
trained model was consistently meeting the expected stan-
dards. Factors impacting a given scene, such as lightning,
background, angle of view, only minimally impacted the mod-
el’s ability to recognize objects of interest. While each model
had the ability to perform segmentation despite scene-related
conditions, it is essential to acknowledge that not all mod-
els provided decent generalization for real-world scenarios.
The training datasets lacked the size and diversity for such
a precise task. Addressing such a limitation would require
obtaining a dataset with more ecological diversity.
Plant specimens of smaller sizes also posed a limitation for
the proposed method. Despite selected approaches to data
augmentation and model-tuning, the segmentation of smaller
plant structures proved to be challenging. Further research is
required to address this constraint and potential directions may
include the exploration of scale-aware models. A combined
dataset incorporating examples from EWS, HIL, CVPPP and
BMS could be leveraged for model training. Based on the
results, relevant examples to maintain botanic diversity could
be included or excluded from this new dataset to discourage
class imbalance.

6. Conclusions

The proposed architecture performed semantic segmentation
of plant images by incorporating an extended DeepLabV3+
model with a channel-wise attention mechanism. The work
aimed to address generalization- and scene-related variations
affecting task of segmenting plant images. The proposed
model offers a powerful semantic segmentation solution
emphasizing the features and leveraging semantic information
with global context.
Several datasets were used to train their own versions of
the model, which were further tested on the custom BMS
dataset used for evaluation purposes. Adding an attention
mechanism offered an increase in the quality of segmentation,
when compared to earlier model-variations during dataset
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and hyper parameter tuning. The models exhibited robustness
to variations in lighting, backgrounds, and subject angles,
showcasing their adaptability to real-world applications.
Additionally, even better results could be obtained by the
inclusion of ensemble training. Through the application of
ensemble approaches, the models showed exceptional re-
silience to real-world differences in lighting, backdrops, and
subject angles, as well as outstanding generalization skills.
The segmentation performance was much improved by relying
on the ensemble training approaches.
Further research directions will be focused on improvements
to the model’s architecture and dataset composition. The
current efforts are intended to expand on the accomplishments
of the past and improve the model’s ability to handle various
problems that arise in practical implementations.
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Abstract  An ultra-wideband planar four-element multiple-
input multiple-output (MIMO) antenna array for millimeter
wave (mmWave) 5G applications is presented in this article,
characterized by a simple structure and diverse performance
capabilities. The antenna system operates in the 20 GHz band
(ranging from 42.3 to 63.3 GHz), with a high gain of 7.8 dB. The
compact size of 25 × 25 mm makes it suitable for being integrat-
ed with various telecommunication devices used in a number
of mmWave applications. The antenna’s elements are placed
orthogonally, achieving great isolation of over 24 dB. The per-
formance of the proposed antenna was analyzed in terms of
its s parameters, gain, efficiency, radiation patterns, and MIMO
diversity characteristics, including the envelope correlation co-
efficient (ECC), diversity gain (DG), and mean effective gain
(MEG).

Keywords  5G, antenna array, mmWave, UWB

1. Introduction

Fifth-generation communication networks represent a sub-
stantial advancement in wireless technologies, providing con-
siderable potential for high-speed data transmission and ul-
tralow latency [1]–[3]. The mmWave spectrum provides ex-
tensive capacity, allowing data rates to surpass those of former
cellular networks [4]. The MIMO communication technol-
ogy is used at high frequencies to achieve such a high data
rate. In light of the above, it is necessary to design a system
of MIMO antennas that relies on multiplexing technologies
and spatial diversity to improve reliability, data throughput
and coverage [5], [6].
Researchers aim to improve various antenna performance pa-
rameters, including bandwidth, compactness, efficiency, gain,
and diversity characteristics. Many techniques are deployed
to optimize performance, including substrate selection, di-
electric lens, multi-element configurations, corrugation, and
mutual coupling reduction [7], [8].
The substrate utilized in the design of each antenna is of key
significance. A substrate with reduced relative permittivity
and lower loss tangent will enhance gain while minimizing
power losses [9]. A corrugated construction, which eliminates
the metallic part of the edge radiator, is capable of improving
the front-to-back ratio and the antenna’s bandwidth [10].

Furthermore, the multi-element technique improves gain,
efficiency, and bandwidth. Consequently, structures relying
on the abovementioned solutions are capable of achieving
elevated gain and bandwidth levels – a feature that one antenna
only cannot offer. Moreover, a dielectric lens is capable
of transmitting electrostatic radiation in a non-directional
manner, thereby enhancing the antenna’s directivity and gain,
as shown in [11], [12].

Techniques relied upon to reduce mutual coupling decrease
the impact that numerous elements exert on the system’s per-
formance. This method, referred to as an isolation technique,
plays and important role in optimizing the performance of
good diversity in MIMO structures [13], [14]. In addition,
high gain is expected in mmWave antenna designs due to the
increased free space path loss observed at these frequencies.
Therefore, achieving decent performance of ultra-wideband
MIMO antenna systems (in terms of high isolation and rea-
sonable radiation characteristics) while maintaining their
compact size and simple structure remains a challenge.

2. Related Works

In [15], a four-element MIMO array has been developed,
where the antenna measuring only 30 × 35 × 0.76 mm. It
operates at 25.5 – 29.6 GHz, with a gain of 8.3 dBi. The
antenna design from [16] does not include decoupling surfaces
and has a patch array. It offers a gain of 13.1 dBi within
a frequency range of 26.94 – 31.08 GHz, with isolation below
14 dB.

In [17], the authors employed the DGS technique to provide
robust isolation between an input port of the MIMO antenna
array. In [18], a radiating element based on multiple arcs has
been developed for mmWave MIMO applications, achieving
a bandwidth of 23.5 – 38 GHz and offering a high isolation
level of above 23 dB by arranging the radiating parts in an
orthogonal configuration. Nevertheless, the overall profile of
the antenna is rather large.

In [19], the researchers designed a tree-shaped antenna with
multiple arcs to provide a wide broadband response of 23 –
40 GHz, an overall gain of 8 dBi and good isolation.
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Fig. 1. Single antenna element: a) top view and b) back view.

A 4-element MIMO system designed for the 5G frequen-
cy spectrum of 27.5 – 40 GHz, with an entire dimension of
158 × 77.8 mm, was presented in [20], while paper [21] pro-
posed an 8-port MIMO antenna array for the 27.5 – 29.5 GHz
frequency range. In articles [22]–[25], metamaterial is used
to achieve enhanced port isolation. A MIMO antenna array
supporting 5G is presented in [26], achieving an array gain of
5 dB with a frequency band better than 26 – 39 GHz. In pa-
pers [27] and [28], another MIMO antenna array is proposed
with high bandwidth and good radiation characteristics.
This article presents an ultra-wideband four-element MIMO
array for mmWave applications featuring a simple structure
and compact size of 25 × 25 mm. High isolation exceeding
24 dB is achieved thanks to orthogonal polarization diver-
sity and excellent MIMO performance. It is a four-antenna
MIMO system operating in the range of 42.3 to 63.3 GHz
(20 GHz bandwidth). The antenna element is made up of two
microstrip line steps (with different widths and lengths) and
three symmetrical ladder steps located at the top. The pro-
posed structure may be easily integrated with various devices
used in mmWave applications. The CST Microwave Studio
was used in the simulations.

3. Design
For micro-wave applications, printed antennas are optimal
solutions due to their low profile, low cost, compact dimen-
sions, as well as good balance between performance and
manufacturing complexity. The proposed antenna utilizes the
RT-5880 substrate, characterized by a loss tangent of 0.0009
and a relative permittivity of 2.2, with a thickness of 0.8 mm.
Figure 1 illustrates the shape and various parameters of
the design. The size of the single antenna unit is 4.5 × 12
mm. The top view is presented in Fig. 1a, showing two
microstrip line steps (with different widths and lengths) and
three symmetrical ladder steps at the top of the antenna.
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Fig. 2. a) S11 of the single antenna element, b) radiation efficiency,
and c) gain.

The two-line steps have dimensions of 0.65 × 3.62 mm and
1.40 × 4.60 mm, respectively, while the symmetric ladder
steps measure 2 × 0.64 mm. Figure 1b shows the back view
of the antenna element with an etched ground plane.
The performance of a single antenna element is evaluated in
terms of resonance frequency, bandwidth, radiation patterns,
gain, and efficiency. Figure 2a illustrates the results of simu-
lations of the reflection coefficient S11 versus frequency. It
is clear that S11 remains below –10 dB across the entire fre-
quency range of 42 to 62 GHz, i.e. ultra-wideband of 20 GHz
with good impedance matching.
Figure 2b shows the radiation efficiency, which remains in
the range of 80 – 88% within the entire working band. High
antenna efficiency that remains stable within the ultra-wide
working bandwidth is realized. The maximum gain reaches
6.2 dB, as can be observed in Fig. 2c. Such a high gain is
required to eliminate the problem of propagating losses in

a) b)y y

xxz z

c) d)

E-plane 

H-plane 

Fig. 3. 3D antenna radiation patterns at: a) 45 GHz, b) 55 GHz, and
2D antenna radiation patterns at: c) 45 GHz, d) 55 GHz.
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Antenna 1

Antenna 2

Antenna 3

Antenna 4

2.10

25.0

25
.0

Fig. 4. Proposed antenna array system: a) top view and b) bottom
view.

the mmWave spectrum. The radiation pattern for mmWave
applications is visualized in Fig. 3. The three-dimensional
radiation patterns at 45 GHz and 55 GHz are presented in Fig.
3a–b, while the E-plane and H-plane of the two-dimensional
radiation patterns are illustrated in Fig. 3c–d.

4. Antenna Array System Design

Next, a four-element MIMO array is developed utilizing the
single antenna described in Section 3. The MIMO elements
are symmetrically and rotationally arranged in 90° intervals,
creating a square configuration, as demonstrated in Fig. 4.
Such a layout employs the polarization diversity approach
used to minimize mutual coupling between the antennas. The
dimensions of the MIMO system equal 25 × 25 mm.
Figure 5 illustrates the surface current distribution of the
four-port MIMO antenna, where one port is excited and the
other ports are connected to 50 Ω at the two frequencies of
45 GHz and 55 GHz, respectively. One may notice that the
current flow is predominantly concentrated in the antenna unit
with less propagation to other MIMO ports. The existence of
multiple identical elements in a MIMO configuration results
in an increase in mutual interference and ECC value between
the antenna’s elements. The orthogonal arrangement of the
array results in the lowest possible mutual coupling.
Figure 6 shows the S-parameters for the proposed 4-element
MIMO antenna design. All four return loss coefficients of
the antennas are below –10 dB within the considered band
of 20 from 42.3 to 62.3 GHz. This guarantees optimized
impedance matching. Furthermore, a very slight variation can
be observed between the return loss of the four elements
and the single antenna element from Fig. 2. This proves
a satisfactory mutual coupling between the antennas due
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Fig. 5. Current distribution of the MIMO antenna array at: a) 45
GHz and b) 55 GHz.
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Fig. 6. S-parameters of the ultra-wideband quad MIMO antenna
array: a) return loss and b) transmitting coefficients.

to their structural similarity and the orthogonal MIMO layout.
All transmission coefficients are lower than –24 dB (Fig. 6b),
i.e., high isolation is obtained by applying the polarization
diversity technique.
Figure 7a shows the radiation efficiency and total antenna
efficiency of the designed MIMO elements. The total antenna
efficiencies for the overall operating band remain within the
66 to 72% range, while the antenna’s radiation efficiencies
vary from 78 to 80%. Figure 7b illustrates the gain of the
proposed MIMO antennas in its operating band. The gain of
all antennas is in range of 4.1 to 7.8 dB.
Figure 8 presents the two-dimensional radiation patterns
at the frequency of 45 GHz and 55 GHz, respectively. As
demonstrated, the peak gain of the antennas is acieved in
diverse directions, demonstrating the highly desired benefit of
the patterns’ diversity. Furthermore, these radiation patterns
fully cover all sides, proving excellent radiation coverage.
Analysis of diversity parameters such as ECC, MEG, and DG
is as essential evaluation of the antenna’s key performance pa-
rameters, including bandwidth, radiation patterns, resonance
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Fig. 8. 2D antenna radiation patterns at: a) 45 GHz and b) 55 GHz.

frequency, efficiency, and gain, as it allows to determine the
efficacy of MIMO antenna arrays.
ECC determines the correlation between different antenna
elements in a MIMO system. A low ECC value leads to less
interdependence between the components and, hence, better
MIMO diversity performance. Equations (1) and (2) illustrate
how ECC is calculated using the scattering parameters and
the far-field radiation pattern, respectively [13], [29].

ECC = |ρij |

=

∣∣S∗iiSij + S∗jiSjj∣∣2(
1− (|Sii|2 + |Sji|2)

)(
1− (|Sjj |2 + |Sij |2)

) , (1)

ECC =

∣∣ ∫ ∫
4π
[
−→
F1(θ, ϕ)∗ ·

−→
F2(θ, ϕ)]dΩ

∣∣2∫ ∫
4π

∣∣−→F1(θ, ϕ)∣∣2 dΩ · ∫ ∫4π ∣∣−→F2(θ, ϕ)∣∣2 dΩ , (2)

where ρij represents the envelope correlation coefficients
(ECC) between the i and j antenna elements,

−→
F1(θ, ϕ) spec-

ifies 3D radiation pattern field with excitation at port i, ∗
signifies the Hermitian product and Ω indicates the solid
angle.
In this work, the ECC from far field radiation patterns is
taken into consideration. The expected ECC is less than 0.5,
which falls within the permissible range for MIMO diversity.
As illustrated in Fig. 9, very low ECCs are obtained, i.e.
below 0.002, proving the very high diversity antenna system
is achieved.
The MEG is an other important performance criterion for
MIMO systems, defined as the ratio of the mean received
power to the total mean incident power at the antenna [30].
MEG quantifies the mutual interaction of antenna elements
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Fig. 9. ECCs of the proposed system.

and the statistical characteristics of the propagation environ-
ment. Equations (3) and (4) illustrate the method of obtaining
the MEG value from s parameters or far-field radiations.
The MIMO antennas MEGs must satisfy the requirements of
Eq. (5). The XPR indicates the cross polarization power ra-
tio, while the gains of the antenna are described by Gθ and
Gϕ. The Pθ and Pϕ are incoming plane waves components.
The variables i and k in Eq. (4) denote the observed anten-
na and the total antennas number, respectively. The MEGs
for the i and j antennas are designated asMEGi andMEGj ,
respectively.

MEGi = 0.5
(
1−

k∑
j=1

Sij
)
, (3)

MEG =

2π∫
0

π∫
0

(
XPR

1 +XPR
Gθ(θ, ϕ)Pθ(θ, ϕ)

+
1

1 +XPR
Gϕ(θ, ϕ)Pϕ(θ, ϕ)

)
sin θ dθ dϕ ,

(4)

MEGi
MEGj

∼= 1 . (5)
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Tab. 1. Comparison between the proposed MIMO array system and recent publications.

Ref. Bandwidth
[GHz]

Total
efficiency

[%]

Peak gain
[dB]

Isolation
[dB] ECC MIMO

order
Overall size

[mm]
Isolation
technique

[15] 25.5 – 29.6 > 82 8.3 > 20 < 0.01 4 × 4 30 × 35 DGS
[20] 23 – 40 > 70 12 > 20 < 0.001 4 × 4 80 × 80 DGS

[32] 27.5 – 40 > 75 7.2 > 17 < 0.001 4 × 4 158 × 77.8
Spatial diversity
and polarization

diversity

[33] 20 – 32 80 – 90 6.5 > 20 < 0.001 4 × 4 24 × 32
Decoupling
structure on
ground plane

[34] 27 – 29 80 – 84 5.5 > 17 < 0.03 4 × 4 30 × 30 Polarization
diversity

This
work 42.3 – 63.3 66 – 72 7.8 > 24 < 0.002 4 × 4 25 × 25 Polarization

diversity
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Fig. 10. MEGs of the antenna system.

Figure 10 illustrates the MEGs for the four antennas according
to Eq. (3), on the far-field radiation, assuming a Gaussian dis-
tribution in the elevation direction and a uniform distribution
in the azimuth direction. One may notice that the proposed
MIMO antenna array meets the condition from Eq. (5) and
the MEGs of the quad antennas maintain stable across the
frequency band of interest.
The DG value is derived from ECC as [30]:

GDG = 10×
√
1− |ρ|2 . (6)

A high diversity gain value signifies exceptional performance,
while better isolation between the antenna’s elements cor-
relates with higher diversity gain values. Figure 11 shows
the diversity gain of a MIMO antenna system determined us-
ing Eq. (6), which is greater than 9.99 dB across the working
band, and thus demonstrates the effective diversity perfor-
mance of the proposed design.
A comparison between the proposed MIMO array system
and other similar recent publications is shown in Tab. 1. The
comparison covers several aspects, including bandwidth, ef-
ficiency, gain, isolation between antenna elements, ECC,
MIMO order, size, and the isolation technique used. The
proposed MIMO system features compact dimensions, wide
bandwidth, high gain, and decent isolation. The results indi-
cate that the designed MIMO antenna system is a promising
candidate for future mmWave devices.
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9.992
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Fig. 11. DG for the proposed MIMO system.

5. Conclusions

This study presents the design of the four-port MIMO anten-
na array working in the ultra-wideband range from 42.3 to
63.3 GHz. The proposed antenna demonstrates stable radia-
tion properties throughout the operating band, with a peak
gain of 7.8 dB. Due to adopting the orthogonality polariza-
tion diversity approach, high isolation values of over 24 dB
are achieved. Very low ECCs below 0.002 and high DGs
over 9.998 dB are obtained as well, ensuring high diversity
performance.
Furthermore, optimal MEG values are achieved and the cri-
teria for good performance of the MIMO antenna system are
validated by simulations performed using the CST Microwave
Studio software. The antenna has achieved the desired perfor-
mance in terms of gain, efficiency, and radiation properties.
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Abstract  Millimeter wave (mmWave) massive multi-input
multi-output (MIMO) systems are the promising technology for
next-generation 5G wireless systems and beyond. Sparse signal
recovery and channel feedback are challenging and fundamental
problems affecting downlink transmission due to the substantial
increase in channel matrix size in mmWave systems. To over-
come the overhead of the channel and improve CS recovery
effectiveness, this article proposes the joint use of the subspace
matching search algorithm and differential operation for chan-
nel impulse response (CIR). Here, the current CIR is converted
to a differential CIR using operations between the current and
previous CIRs. The differential CIR is then compressed and fed
back to the base station. Subsequently, this differential CIR is
recovered using the subspace matching search algorithm. Such
a scheme leverages effective structural sparsity through a com-
bination of subspace and differential operations. The adaptive
algorithm adaptively selects relevant subspaces based on coeffi-
cients. The simulation results show that the proposed scheme
reduces channel overhead by 36% and 24% at compression ra-
tios of 25% and 45%, respectively, over different time slots in
mmWave massive MIMO systems.

Keywords  channel impulse response, channel state information,
compressive sensing, mmWave

1. Introduction

Massive millimeter MIMO systems are a key technology for
5G communication systems and beyond [1]. Such systems are
equipped with many directional antennas to achieve effective
beamforming gains [2] required to cope with higher path
losses. To overcome these issues, effective beamforming
strategies are proposed along with a large number of antenna
arrays. There is always a trade-off between performance and
system complexity when using such beamforming strategies
[3]. Effective channel state information (CSI) estimation is
very important to obtain optimal performance of any scheme.
For time division duplexing (TDD) scheme-based mmWave
massive MIMO systems, the downlink (DL) channel CSI is
estimated immediately by DL using received the transmit-
ted pilot signals due to its channel reciprocity. However, in

frequency division duplexing (FDD) systems, due to non-
existence of channel reciprocity [4], the uplink channel (UL)
CSI is not always equivalent to the DL CSI. Excessive channel
feedback is always required to estimate CSI, making channel
feedback very challenging [5]. To address this issue, orthog-
onal pilot signals are transmitted. However, the use of such
orthogonal pilots results in increased resource utilization
within the communication system.
Generally, the estimation of mmWave channels always ex-
hibits various sparse scattering characteristics [6]. The
mmWave channel matrix always exploits a highly sparse
channel matrix with non-zero elements based on the positions
of angle of arrival (AoA) and angle of departure (AoD) of the
various dominant multipath signals [7]. In massive MIMO
systems, effective recovery of the sparse signal is considered
as the mmWave-based channel estimation problem.
Compressive sensing (CS) algorithms are an effective ap-
proach [8] adopted to reconstruct undetermined linear sys-
tems. MmWave channel estimation is generally formulated as
a sparse signal recovery problem, which provides a compres-
sive measurement that combines the effects of analog and
digital precoders and combiners. CS-based algorithms are in-
troduced to recover these sparse signal recovery problems by
effectively quantifying AoA and AoD of various multipath
signals for the formation of uniform grids. Some hierarchical
codebook-based schemes are designed in such a way as to es-
timate the millimeter wave path parameters of the channels
in MIMO systems.
For CS recovery, the orthogonal matching pursuit (OMP) al-
gorithm is employed to quantize non-uniform angle grids.
Based on this evidence, direct estimation of all the entries in
the mmWave channel of massive MIMO systems is a chal-
lenging task. CS-based channel feedback schemes [9] are
proposed to exploit the antenna’s spatial correlations by com-
pressing the channel matrix of mmWave channels, thereby
reducing the feedback overhead.
The channel impulse response (CIR) is directly compressed
and recovered using effective CS algorithms, exploiting them
in the time domain to reduce feedback overhead [10]. In
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mmWave channels, the overhead is very high because of the
sparsity nature of the channel impulse response.

2. Related Works

Many CS-based recovery algorithms have been analyzed and
proposed in recent studies to reduce channel feedback. The
sparse recovery problem [11] is formulated based on the mul-
tipath signal by quantizing the angle of arrivals (AoA) and
angle of departures (AoDs) into uniform grids. Some effective
and adaptive CS-based algorithms are developed to estimate
channel parameters. To facilitate this estimation operation,
multiresolution codebook-based CS algorithms have been
developed [12]. Some methods improve channel recovery per-
formance by identifying non-uniformly quantized angles. The
approach presented in [13] also reduces coherence redundan-
cy of the systems. To find the array response vectors and to
estimate non-uniform quantized angle grids, the orthogonal
matching pursuit (OMP) algorithm is proposed [14].
Other basic search algorithms are also introduced to reduce
computational complexity of existing systems [15]. In [16],
two different adaptive low-complexity CS algorithms are
presented which iteratively estimate channel parameters.
A block sparsity-based CS algorithm is proposed in [17],
considering multi-user mmWave massive MIMO systems.
In studies [18]–[20], CS algorithms are used for narrowband
frequency-flat channels. In such cases, they were analyzed in
the time domain instead of the angular or frequency domains.
The main challenge in estimating channels in frequency-
selective channels is the need for common supports between
the mmWave channel sparsity matrices, which inevitably leads
to a better trade-off between complexity and performance. In
[20], uplink frequency-selective channels are estimated using
a two-stage CS algorithm, with precoders and combiners.
The major challenge is that, in the time domain, wideband
mmWave channels exploit delays in sparse channel vectors.
To address the problem of sparse channel recovery, hybrid
architectures are proposed, but, unfortunately, they generally
require limited training [21].
In paper [22], a two-step time domain estimator based on
OMP and the least squares methods is formulated to reduce
computational complexity. The sparsity nature of mmWave
systems in the angle and delay domains is defined jointly, and
the problem is effectively iterated by the CS-based message
passing method (MPM) [23] which exploits its structured
sparsity to find the nearest neighbor pattern [24], [25]. In
addition to exploiting the sparsity nature, other structured
channel models, such as low rank [26], uniform grid structure
[27], [28], and jointly sparse and low rank structures [29], are
also used and estimated by leveraging the sparsity feature.
The sparse recovery problem is defined for both time and
frequency domains. Different CS algorithms [30] are used
for recovery in the time domain the frequency domain, or
a combination of both, as proposed in [31]–[33].
Most of the existing works, e.g. [34] and [35], dealing with
mmWave channel estimation techniques, focus only on nar-

rowband frequency models. To provide context, techniques
focusing on wideband mmWave channels and frequency-
selective channels are also analyzed in both frequency and
time domains [36]. To analyze downlink frequency-selective
channels, CS techniques will be helpful in finding the com-
mon support which exhibits the sparsity of mmWave channels
in the frequency domain [20].
Other methods use effective precoders and combiners employ-
ing both on-grid and off-grid techniques [37]. In general, these
wideband mmWave channel estimation techniques widely
exploit delay sparsity while using small training overheads.
Lastly, two-step channel estimation methods are proposed us-
ing least squares estimation along with orthogonal matching
search algorithms for CS recovery [38].
In this paper, we propose a modified compressive sensing-
based differential channel feedback scheme using the subspace
matching pursuit recovery algorithm (SMP-DF CS) to reduce
feedback overhead and improve the performance of mmWave
massive MIMO systems. The said scheme exploits the tem-
poral correlation of highly time-varying mmWave massive
MIMO systems. This temporal correlation property exists in
both distributed and centralized systems.
The proposed algorithm effectively reduces the feedback over-
head and computational complexity at different compressive
ratios and demonstrates improved performance for the differ-
ential feedback scheme of mmWave massive MIMO systems.
The main contribution of this article is summarized as follows:
• A joint framework is proposed for a modified SMP-based

CS recovery scheme with differential operation for the
effective estimation of the channel impulse response in the
mmWave channel. This concept effectively leverages the
sparsity nature of mmWave channels in the angular domain
and reduces channel overhead.
• The CS recovery scheme introduced uses a modified sub-

space matching pursuit algorithm to improve CIR recovery
by effectively searching subspaces in each iteration in order
to form the support vectors.

• The proposed adaptive algorithm selects relevant subspaces
based on coefficients, rather than choosing each basis for
iterations, thus resulting in faster convergence and a better
achievable sum rate.

The paper is organized as follows. Section 3 explains the
proposed CS-based differential channel feedback scheme for
subspace matching using a model of the system model and
relevant preliminaries. Section 4 gives a detailed explanation
of the performance of NMSE in different SNR regimes.
Conclusions are presented in Section 5.

3. Proposed SMP-DF CS Scheme

3.1. System Model

The model of a mmWave massive MIMO system is equipped
with Nt and NR transmitting and receiving antennas, respec-
tively. The received downlink signal transmission rp, based
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on the training symbol, is expressed as:

rp = Hpfpsp + np , (1)

where Hp is the channel matrix of the downlink mmWave
system, fp is the vector representing beamforming, sp denotes
the received symbol vector, and np represents the complex
white noise vector with Gaussian distribution. The combined
vectors formed to detect the transmitted symbols are given
by:

yp =W
HHpfpsp +W

Hnp , (2)

where vector w = [W1,W2,W3, . . . ,WNq].
The downlink channel matrix equivalent to its transmitted
pilots is given as Hp = H and is based on block fading. The
received signal vector is formulated as:

Y = [y1, y2, y3, . . . , yNp ] . (3)

After receiving the pilot signals, Eq. (3) becomes:

Y =WHHFS +WHN , (4)

where s represents the diagonal matrix.
The mmWave signal channel is modelled as:

H =

√
NTNR
L

L∑
l=1

αl . ar(θl) . a
H
t (φl) , (5)

where L represents the number of scatters, θl and ϕl denote
the array response vectors that are associated with azimuth
and elevation angles, respectively.
The array response vectors at(θl) of the transmitter are:√

1
Nt

[
1, ej

2π
λ
d sin(θl), . . . , ej

2π
λ
(Nt−1)d sin(θl)

]
. (6)

The array response vectors ar(ϕl) of the receiver are formu-
lated as:√

1
Nr

[
1, ej

2π
λ
d sin(φl), . . . , ej

2π
λ
(Nr−1)d sin(φl)

]
, (7)

where d and λ represent the distance between the adjacent
antennas in the UPA and the wavelength of the signal, respec-
tively.
The model of the system is finally defined in a compact form
as:

H = Ar . Hα . A
H
t , (8)

where the terms At = [at(θ1), at(θ2), . . . , at(θl)] and Ar =
[ar(φ1), ar(φ2), . . . , ar(φl)] represents the steering matrix
of transmitter and receivers of this systems, respectively.
The channel matrix is formulated as follows:

Hα =

√
Nt . Nr
L
diag
[
α1, α2, . . . , αL

]
, (9)

whereHα is the diagonal matrix based on the steering vectors
of the transmitted and received signals.

3.2. Time Varying mmWave Massive MIMO Channel

The temporal time-varying channel impulse response of the
mmWave massive MIMO system of the t-th time slot of the n-
th transmitting antenna at the base station (BS) is considered.

The effective channel model for the received signal at a single-
antenna user is given as:

h(t)n =
[
h(t)n (0), h

(t)
n (1), . . . , h

(t)
n (L− 1)

]
, (10)

where N is the total number of transmitting antennas and L
is the maximum channel delay spread.
The channel impulse response (CIR) is always very sparse be-
cause of its nature in mmWave communication, as it typically
consists of only a few dominant propagation paths. These
paths play a significant role in improving channel response.

The sparsity nature of the CIR series
[
h(t)Tn

]T
t=1 consists of T

consecutive time slots that exhibit high temporal correlation
values even in massive MIMO channels with fast time-varying
MIMO channels. The change in temporal correlations always
exists through the support vectors which refer to the position
of non-zero elements and their amplitudes.
The time-varying and sparse nature of the CIR equation is
formulated by the support vector p(t)n and the amplitude
vectors a(t)n. Then the Eq. (10) becomes:

h(t)n = a(t)n ◦ p(t)n , (11)

where p(t)n is the support vector and a(t)n is the amplitude
vector at time slot t of the n-th transmitting antenna. The
“◦” symbol represents the Hadamard product which denotes
element-wise multiplication.
In order to model the rapid variations of this mmWave chan-
nel, support vectors p(t)n over time slot t in l elements can
be represented as a first-order Markov process. This Markov
process is characterized on two different transition proba-
bilities, denoted as P01 and P10. These terms are distributed
m(1)n at the initial time slot t = 1. For any steady-state in
the Markov process, the transition probabilities for all values
of t and n are given as:

Pr
[
p(t)n(l) = 1

]
= m . (12)

The other transmission probabilities P10 are represented as:

P10 =
µP01
1− µ . (13)

CIR amplitude over the time slot t is modeled using a first-
order autoregressive model, given as:

a(t)n = ρ . a(t− 1)n +
√
1− ρ2 w(t) , (14)

where r represents the correlation coefficient, ρ is the zero-
order Bessel function, fd represents the maximum Doppler
frequency, τ is the duration between the time intervals, and
w(t) stands for independent noise vectors, with all elements
always assumed to be independent and identically distributed
(iid) with a normal distribution.

3.3. SMP-DF CS Scheme

The proposed algorithm (depicted in Fig. 1) enables the adap-
tation of beamforming techniques and provides effective re-
duction of channel feedback, as well as improves robustness
to channel estimation errors. This scheme directly compresses
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Fig. 1. Subspace matching pursuit CS recovery-based differential channel feedback.

sparse CIR using the sensing matrix based on the CS algo-
rithm.

Before compression, the sparse CIR is converted into a dif-
ferential CIR by using differential operations between the
current and previous CIRs. This differential CIR has better
sparsity than the original CIR. It computes the difference be-
tween the estimated hn(t− 1) at (t− 1) slot and the previous
CIR h(t) at t slot. The differential CIR is expressed as [9]:

△h(t)n = h(t)n − h(t−1)n . (15)

Algorithm 1 Subspace matching pursuit CS algorithm
Input: measurement vector z, measurement matrix Φ,
sparsity level s, maximum number of iterationsmax_iter
Output: recovered signal a, number of used iterations
used_iter
Start

1: d← dimension of Φ
2: a← 0d ▷ Initialize recovered signal
3: ρ← z ▷ Initialize residual
4: T ← ∅ ▷ Initialize support
5: for it = 1 tomax_iter do
6: Compute inner products: inner_products← |ΦT ρ|
7: Update support: T ← indices of top 2s

elements of inner_products
8: Estimate signal: b← 0d, bT ← (Φ(:, T ))+z
9: Prune signal estimate: keep top s coefficients;

T ← indices of top s elements of |b|
10: Update recovered signal: a← 0d, aT ← bT
11: Update residual: r ← z − Φa
12: if ∥ρ∥ < 1E− 3 ∥z∥ then
13: break
14: end if
15: end for
16: used_iter ← it
End

After substituting the current and previous CIRs according to
Eq. (14), the equation becomes:

△h(t)n = p(t)n ◦
[√
(1− ρ2w(t)− (1− ρ)a(t−1)n

]
+
[
(p(t)n − p(t−1)n ◦ a(t−1)n

] . (16)

The first term of Eq. (16), which consists of the CIR amplitude,
is almost negligible. Similarly, the second term, representing
the non-zero elements, is also very small. To avoid errors in
feedback propagation, mobile users initialize the CIR based
on a high and effective compression ratio to enable precise
recovery at the base station.
After compression of the differential CIR, the channel is
fed back to the BS. On the BS side, the proposed scheme is
based on three important steps. The received CIR is efficiently
recovered using the subspace matching pursuit (SMP)-based
CS algorithm.
Based on the compressive sensing (CS) theory, the high-
ly sparse differential CIR is compressed using the sensing
matrix. Then, the measurement vector is given as:

y = φ . △ h(t)n , (17)

where φ represents the sensing matrix and△h(t)n represents
the differential CIR.
On the receiving side of the BS, measurement vector y is fed
back through the channel:

y = φ . △ h(t)n + n , (18)

where n represents the noise of the channel. Here, the entities
are also considered i.i.d. and follow a normal distribution.
On the BS side, the noise vector is added to the measurement
vector. The SMP-based CS recovery algorithm is adopted
to recover differential CIRs. The SMP-based CS recovery
algorithm iteratively refines the differential CIR by updating
its support and amplitudes based on the received measurement
vector. This Algorithm 1 initializes such parameters as d,
which represents the dimension of the sensing matrix, a
which is a zero vector, ρ – denoting the measurement vector,
and T , which represents the support vector of the signal.
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Tab. 1. Simulation parameters for the proposed scheme.

Parameter Value

Measurement matrix dimensions L 200
Transmission probability at initial time slot ρ 0.05

Initial probability of support vectorm 0.1
Maximum Doppler frequency fd 10 Hz

Time slot duration τ 1 ms
Standard deviation of independent

noise vector σ 1

Number of antennas N 32
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Fig. 2. Comparison of NMSE versus SNR for the proposed scheme
and existing CS schemes (η =25% and 45%).

In each iteration stage of this algorithm, the inner products
between the residual and columns are computed first to find
the dimension of the sensing matrix. Thereafter, the support
vector is selected based on the magnitudes of the first two ele-
ments. The signal is estimated by optimizing the least squares
problem. The signal is estimated based on the coefficient with
the highest magnitude. The residue is then updated by cal-
culating the difference between the updated signal and its
measurements.

4. Simulation Results

This section presents the numerical results to illustrate the pro-
posed channel estimation algorithm and other existing meth-
ods. Here, we have considered the mmWave system archi-
tecture where both the transmitter and receiver are equipped
with uniform planar arrays. Half of the wavelength of the
signal λ2 will be considered as the distance between the ad-
justed antenna elements. Similarly, the values of AoA and
AoD of each path are selected using a uniform distribution
form [0, 2π]. Similarly, the gain of each mmWave path follows
a normal distribution with a mean value of 1 and a variance
of 1, as N(0, 1). It is assumed that the system operates un-
der a carrier frequency of 28 GHz with a bandwidth of 100

MHz. The simulations consider the massive millimeter wave
MIMO system model with the parameters shown in Tab. 1.
The proposed SMP-DF CS algorithm is compared with the
existing conventional direct and CoSaMP-based differential
CS (CS-DF) algorithms at two different compression ratios.
In the differential CIR, it is assumed that the initial ampli-
tude and its support vectors may vary from the value 0 to N
and that such vectors are always independent. To maintain
the appropriate effective channel compression ratio (η = µL )
over the feedback slots, η is maintained at 25% and 45%,
respectively. The SMP recovery CS-based differential feed-
back scheme is compared with a direct CS scheme and a CS
recovery-based differential feedback method. For evaluation,
the normalized mean square error (NMSE) is calculated using
the following equation.

NMSE = E

[
||Ĥ −H||2

||H||2

]
, (19)

where Ĥ is the estimate of the true channel H .
A comparison of NMSE for the specific schemes is shown in
Fig. 2 for different signal-to-noise ratio (SNR) regimes.
To achieve effective compression ratios, 45% and 15% are
considered for initial and subsequent time slots for the first
case (η =25%). For the second case (η =45%), the ratios are
65% and 35%, respectively. This result shows that the pro-
posed scheme outperforms other existing schemes by 36%
and 24% at the compression ratios of η at 25% and 45%,
respectively. This is achieved by leveraging the structural
sparsity of signals as a subspace combination. The adaptive
pursuit strategies to select the relevant subspace and coeffi-
cient iteratively, integrating the differential operation, enhance
overall robustness and improve the recovered accuracy.
The achievable sum rate of the proposed system is compared
with all other existing direct CS and differential feedback-
based CS schemes at different compression ratios of 25% and
45%, respectively. The achievable sum rate is to maximize
the data rate supported by the system for all end users given
the channel. Figure 3 shows that as SNR increases, with the
achievable sum rate also improving for the proposed scheme.
The SMP-based differential CS scheme performs the best
across the entire SNR range compared to other existing CS

110

210

010

–110
0 5 10 15 20

SNR [dB]

direct CS (η=25%)
direct CS (η=45%)
CS-DF (η=25%)
CS-DF (η=45%)
proposed SMP-DF (η=25%)
proposed SMP-DF (η=45%)A

ch
ie

va
bl

e 
su

m
 r

at
e 

[b
ps

/H
z]

Fig. 3. Achievable sum rate versus SNR of the proposed scheme.
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schemes. Furthermore, the gap between the direct CS method
and the proposed SMP-based differential feedback method
becomes comparatively narrower as SNR increases and the
compression ratio η increases from 25% to 45%, respectively.

5. Conclusion and Future Work
This article investigates the sparse channel recovery problem
and the issue of channel feedback overhead. To enhance the
performance of the CS-based differential channel feedback
scheme, the article proposes a subspace matching pursuit
recovery algorithm used in conjunction with differential
operations. A simulation has been performed to analyze and
compare NMSE across different SNR regimes.
Results of the simulation show that the proposed scheme
outperforms the other existing direct CS and differential CS
schemes, reducing the channel overhead by 36% and 24% at
different compression ratios over the time slots of mmWave
massive MIMO systems. In future work, the proposed scheme
may be extended to intelligent reflecting surface (IRS)-aided
mmWave massive MIMO systems to meet the requirements
of future-generation wireless systems.
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Abstract  Wireless communication, especially that relying on
5G technology, plays a crucial role in modern networks. The use
of massive multiple-input, multiple-output (MIMO) systems
is one of the key advancements in this area, as it improves
energy efficiency (EE) and spectral efficiency (SE), making
such a technique critical for future communication networks.
This article focuses on optimizing EE and SE using a new
metaheuristic multiverse optimization algorithm (MVO), and
compares the results obtained with those achieved with the
use of the Pachycondyla Apicalis algorithm (API) and other
methods. Furthermore, the study explores the best values for
factors such as coherence time, power amplifier efficiency, and
hardware power in each user, with all of them playing a critical
role in maximizing EE. The authors also examine the correlation
between EE and SE in the downlink direction. The results show
that the MVO approach achieves better performance in fewer
iterations compared to API and other methods, demonstrating
its potential for improving wireless communication systems.
Keywords  5G, energy efficiency, massive MIMO, multiverse
optimizer, Pachycondyla Apicalis algorithm, spectral efficiency

1. Introduction
In recent years, the number of electronic devices connected
to the Internet has grown quite rapidly. The fact that mobile
phones, machines, cars, drones, and many other devices are
connected to the web creates several challenges. We face
such issues as higher amounts of interference, poor power
efficiency, high propagation losses, and low communication
efficiency [1], [2]. Traditional antennas are not capable of
handling this massive increase in the number of devices they
serve. Therefore, it is crucial to improve antennas and adopt
new technologies that can manage such large numbers of
connections.
Technologies such as massive multiple input multiple output
(MIMO), beamforming, and precoding are key solutions [3].
These advances are part of new radio (NR) systems which are
designed to support the growing number of users. They are
capable of providing high data rates and improving spectral
efficiency by at least ten times [4].

This paper focuses on using the massive MIMO technology
to address the challenges faced. In a communication system
relying on massive MIMO, the base station (BS) and the users
interact in a way that utilizes many antennas in the BS to
improve signal quality and efficiency [5]. When a user sends
a request or data, the base station uses its large number of
antennas to transmit the data to the user. These antennas work
together to simultaneously send multiple signals to different
users or even the same user, but using different channels or
frequencies [6], [7]. This process is called “beamforming”,
where the BS can direct its signal, in a focused manner, to
a specific user, thus improving the strength of the signal and
reducing interference from other users [8].

On the user’s side, a device like a smartphone has its own
antennas, and when it receives the BS signal, it decodes the
data. Communication occurs in such a way that the BS can
serve many users simultaneously, each with a dedicated and
stronger signal. Such a mode of operation improves network
efficiency, ensures faster data speeds and offers more reliable
connections [9].

The trade-off between spectral efficiency (SE) and energy
efficiency (EE) is an important factor we focus on in this
study. An increase in SE affects EE. In this paper, we aim to
find the optimal balance between SE and EE. Specifically, we
want to identify the ideal combination between the number
of users and antennas and the transmission power to achieve
the best values of both SE and EE. High SE and high EE are
critical for the success of 5G networks, as they ensure faster
data rates and lower energy consumption, improving overall
network performance.

The proposed approach uses two different metaheuristic algo-
rithms, i.e. multiverse optimization and Apicalis Pachycondy-
la, to enhance both SE and EE. We analyze how different
parameters, such as power amplifier efficiency, coherence
time, and hardware power at each user, affect EE. By exam-
ining the relationship between SE and EE, we aim to find the
critical point that gives the highest values for both factors.
Finally, the EE-SE trade-off is derived in a closed form, re-
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ducing computational complexity by expressing the essential
derivatives in terms of power, thus making it easier to find
the optimal solution.
This paper is organized as follows. Section 2 reviews related
articles, summarizes their main ideas, and describes the
methods used. Section 3 provides an overview of the key
aspects of massive MIMO. In Section 4, we explain the
functioning of two metaheuristic algorithms: the multiverse
optimizer (MVO) and Pachycondyla APIcalis (API). Section 5
presents the simulation results and compares the performance
of MVO and API with other methods. Finally, Section 6
concludes the article.

2. Related Works

Numerous studies have been dedicated to improving energy
efficiency in massive MIMO systems. For example, article
[10] explores hybrid systems that combine massive MIMO
with other technologies to improve EE. Similarly, paper [11]
proposed two energy efficient beamforming algorithms for
multi-user downlink systems, aiming to improve EE while
meeting SINR constraints. The methods investigated showed
better results than traditional beamforming techniques and
pointed out the need to study the effect of circuit power further.
In addition, in articles [12], [13], the authors did not look at
spectral efficiency (SE).
On the other hand, some research focused solely on improving
SE. For example, [14] studied how massive multiuser MIMO
systems perform during uplink transmission, when the base
station is equipped with many antennas and each user has
just one. They created methods to improve SE. In addition,
in [15], the goal is to improve the number of users that
may connect and communicate efficiently within a given
network. The researcher proposes a new design that groups
users by location or similar characteristics and serves each
group with the best-suited method. This approach reduces
the required number of antennas, while still achieving high
efficiency and providing better performance compared to
older methods [16]. This article aims to reduce power usage
in massive MIMO systems by using low-resolution (2-bit)
ADCs. It studies how these ADCs affect spectral efficiency of
the system’s uplink under different conditions, such as perfect
and imperfect knowledge of the communication channel.
The proposed method involves mathematical modeling and
formulas to predict SE performance, showing that even with
low-cost ADCs, good results can be achieved in massive
MIMO systems. All this work achieves good results, but does
not take into account.
Some studies have explored the balance between spectral ef-
ficiency (SE) and energy efficiency (EE) in massive MIMO
systems. For example, in [17], the researchers used determin-
istic and analytical methods focusing on power allocation
and selection of access points (AP) through closed form
derivations and system constraints. However, they did not use
metaheuristic algorithms, relying instead on structured opti-
mization techniques to enhance energy efficiency in cell-free

massive MIMO systems. Similarly, in [4], the authors ad-
dressed the challenge of optimizing resource efficiency (RE)
in a single-cell massive MIMO downlink transmission. Their
work considered statistical channel state information at the
transmitter (CSIT) to find a balance between SE and EE using
mathematical optimization and algorithmic design.
In study [5], the trade-off between SE and EE is analyzed by
solving a multi-objective optimization problem. The paper
investigates how transmit power and the number of antennas
impact this trade-off by examining their first derivatives. In
the same context, article [18] used geometric programming
to optimize SE and EE in a unified massive cell-free MIMO
system with simultaneous wireless information and power
transfer (SWIPT). Like the remaining studies mentioned, the
work did not employ metaheuristic algorithms.
Although these studies contributed valuable information about
SE and EE optimization, they all relied on structured or math-
ematical methods rather than metaheuristic algorithms. In
contrast, our work introduces two novel metaheuristic al-
gorithms in this field: the multiverse optimization (MVO)
algorithm, which has not been applied to massive MIMO
systems before, and the Pachycondyla Apicalis (API) algo-
rithm. We compare the performance of these algorithms to
determine which one achieves better results.

3. Massive MIMO

Massive MIMO is a fundamental innovation in modern wire-
less communication systems [19], [20]. It addresses the grow-
ing demand for high-speed data and reliable connections, i.e.
challenges that traditional single-input single-output (SISO)
systems were not capable of overcoming due to their limited
data rates and inability to support multiple users simultane-
ously [21].
To overcome the limitations of SISO, advanced MIMO tech-
nologies, such as single-user MIMO (SU-MIMO) [22], mul-
tiuser MIMO (MU-MIMO) [23], and network MIMO [24],
were developed. These technologies improved capacity but
struggled with the exponential growth in wireless users and
data demands. With billions of connected devices, includ-
ing devices connected to the Internet of Things (IoT) in smart
homes, healthcare, and energy systems, more efficient solu-
tions have become essential [19].
Massive MIMO extends traditional MIMO by deploying
hundreds or even thousands of antennas at the base station
[25], [26]. This setup improves wireless performance by better
focusing energy into smaller spatial regions, thus enhancing
spectral efficiency and throughput. Narrowing and directing
beams to target users also reduces interference and improves
connectivity.
Massive MIMO operates efficiently using time division du-
plexing (TDD) which divides communication into three main
phases during a coherence interval [27]. In the first phase,
called channel estimation, users send unique pilot sequences
to the base station (BS). The BS estimates the channel state
information (CSI) using these pilots. Accurate CSI enables
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Fig. 1. Massive MIMO transmission concept.

precise signal precoding for the downlink phase. During
downlink transmission, the BS uses channel estimates and
user-specific data to create pre-coded signals that are trans-
mitted through multiple antennas to all users in the same
time-frequency resource. This process improves communica-
tion efficiency and reliability by using channel information to
reduce interference and optimize energy usage.
Massive MIMO offers several key advantages over traditional
MIMO systems. It provides higher spectral efficiency by
reusing time-frequency resources for multiple users. It also
improves energy efficiency by focusing beams to reduce power
wastage and interference. Additionally, it improves reliability
by supporting more users with stable connections. These
advantages make massive MIMO indispensable for 5G and
future networks [19], [20].
Figure 1 illustrates the downlink transmission in a massive
MIMO setup. The BS in a cell transmits the downlink signal
xl as follows:

xl =
K∑
k=1

wkl qk , (1)

where qk ∼ CN(0, ρkl) represents the data signal intended
for user equipment (UE) k in cell l, and wkl ∈ CM is the
precoding vector directing the signal. The precoding vector
satisfies E[ |wkl|2] = 1, ensuring E[ |xl|2] = ρkl, which
corresponds to the transmit power for UE k. The received
signal yik at UE k in cell i is:

yik = h
H
iilk wkl qk +

∑
l ̸=i

K∑
j=1

hHiilk wjl qj + nik , (2)

where hiilk denotes the channel between BS l and UE k in
cell i, and nik ∼ CN(0, σ2) represents additive noise. The
received signal consists of the desired signal, interference
between cells, and noise [27].

3.1. Energy Efficiency in Wireless Networks

Energy efficiency (EE) is a key feature in modern wireless
networks, especially after the introduction of the 5G technol-
ogy. EE measures how much data can be transmitted using
a certain amount of energy [28], [29]. It is calculated as:

EE =
Throughput [bit/s/cell]

Power consumption [W/cell]
. (3)

This ratio, expressed in bits per Joule, helps reduce costs
and environmental impact. Improving EE involves techniques
such as setting base stations to sleep mode when traffic is low,
using renewable energy, and optimizing resources such as
antennas, spectrum, and power.
The MIMO technology is a major contributor to improving
EE, as it increases spectral efficiency. This means that more
data can be sent using the same amount of energy, making
networks more energy efficient [22], [30]–[32].
To model and calculate EE, we use the following objective
function [33]:

EE =
N ∗AUR
Ptot

, (4)

whereN is the number of active antennas,AUR is the average
user rate, and Ptot is the total power consumption. These
values are defined using the following specific equations.
The average user rate represents the average data rate for each
user, influenced by factors such as the number of antennas
and the transmitting power. It is calculated as [33]:

AUR = Ravg = ω
(
1− N

ωc · tc

)
log2

(
1 +

pt
N
(M −N)

p2nΨ1 + ptΨ2

)
.

(5)
Total power consumption includes all sources of power used in
the network, such as transmission, hardware, and processing.
It is given by [33]:

Ptot =
pt
η
+MpMc +Np

N
c +
FP

ηc
+ ps . (6)

Floating point processes represent the computational load of
the system, calculated as [33]:

FP = 3N2M
ω

ωc tc
. (7)

Several parameters influence EE and overall system perfor-
mance:
• Mmax – maximum number of antennas at the base station,

which determines the capacity of the system. More antennas
mean better beamforming and spectral efficiency,
• ω – transmission bandwidth, defining the range of fre-

quencies for communication. A wider bandwidth supports
higher data rates,
• p2n – average noise power, which affects signal quality and

SNR.
• Ψ1 and Ψ2 – these represent channel conditions and inter-

cell interference. Good channel conditions Ψ1 and lower
interference Ψ2 lead to higher efficiency.
• η – power amplifier efficiency, which impacts energy con-

sumption during transmission.
• ps – static hardware power, representing the baseline energy

used by such components as cooling systems.
• ηc – computational efficiency, indicating how effectively

the system processes tasks.
• ωc and tc – coherence bandwidth and time, critical for

stable communication and efficient resource allocation.
By integrating advanced technologies, such as massive MIMO
and carefully optimizing the above parameters, we can signifi-
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cantly improve EE in wireless networks. This not only reduces
energy consumption, but also enhances network performance,
making future communication systems more sustainable.

3.2. Spectral Efficiency

Spectral efficiency (SE) measures how efficiently a wireless
system uses its available frequency spectrum. It is expressed
in bits per second per Hertz (bps/Hz). In massive MIMO
systems, the use of large-scale antenna arrays greatly improves
SE. The mathematical expression for SE is:

SE = log2(1 + SINR) , (8)

where SINR is the signal-to-interference plus noise ratio.
Adding more antennas increases SINR, leading to higher
spectral efficiency [29], [34].
To further improve SE in wireless networks, several tech-
niques can be used. An increased in the number of antennas
in a massive MIMO systems enhances spatial multiplexing
and reduces interference, improving SINR. Optimizing beam-
forming techniques also focuses the signal more effectively
towards intended users, reducing interference, and boost-
ing SE. Advanced modulation and coding schemes allow
more bits to be transmitted per Hertz, additionally increas-
ing SE. Furthermore, advanced interference management
methods, such as interference cancellation and coordination
between base stations, can improve SE, especially in dense
networks [35].
In this work, we use the following objective function to model
SE:

SE =
N ∗AUR
ω

. (9)

4. Algorithm Description and
Methodology

4.1. Multi-Verse Optimizer Algorithm

In this paper, the multiverse optimizer (MVO) is used, in-
spired by three key concepts: white holes, black holes, and
wormholes. These ideas are integrated into the algorithm’s
key steps and equations.
White holes help in the exploration process. In cosmology,
the Big Bang is considered a white hole, and in the multi-
verse theory, collisions between universes can create white
holes, acting as gateways between them. Universes with high
inflation rates are more likely to have white holes that trans-
port objects outwards, unlike black holes that pull things
in [36], [37].
Black holes have strong gravitational pulls, trapping objects,
including light. They are more common in universes with low
inflation rates and can receive objects from white holes. This
exchange between white holes and black holes allows to trans-
fer variables between universes [38], [39]. The mechanism is
outlined as follows:

xji =

{
xjk r1 < NI(Ui)

xji r1 ­ NI(Ui)
. (10)

Wormholes act as tunnels, allowing objects to move between
different parts of a universe or between universes. In MVO,
wormholes randomly transport objects between a universe and
the best universe found so far. The probability of a wormhole
appearing and the distance at which it moves objects are
controlled by two factors [37], [39].
Adaptive wormhole existence probability (WEP) represents
the likelihood of wormholes appearing within universes dur-
ing an optimization process.

WEP = min+ l × max−min
L

. (11)

Adaptive traveling distance rate (TDR) controls how far
the variables can move from the best solution when using
wormholes.

TDR = 1− l
1
p

L
1
p

, (12)

xji =




xj + TDR×

(
(ubj − lbj)× r4 + lbj

)
r3 < 0.5

xj − TDR×
(
(ubj − lbj)× r4 + lbj

)
r3 ­ 0.5

r2 <WEP

xji r2 ­WEP
(13)

The general steps of the MVO algorithm are the following:
Initialization. The algorithm starts by defining key parame-
ters for the MVO, such as white hole exploration probability
(WEP), travel distance rate (TDR), and the number of uni-
verses p. These parameters control the exploration and ex-
ploitation during optimization. A random initialization of
the universes is performed, where each universe represents
a potential solution to the problem.
Normalization. Once the universes have been initialized,
they are sorted based on their fitness values (a measure of
how good the solution is). The inflation rates of all universes
are then normalized to create a probabilistic model, where
better universes (higher fitness) are more likely to influence
others.
Fitness evaluation. For each universe in the population, the
fitness function is evaluated. This function quantifies the
quality of the solution represented by the universe, guiding
the optimization process.
Loop start. The algorithm enters a loop to iterate through all
universes. It starts with i = 1, representing the first universe,
and processes each one sequentially to update its properties.
Update parameters. WEP and TDR parameters are dynami-
cally updated during the iteration. This adjustment balances
exploration (searching new areas) and exploitation (refining
known good solutions). The blackhole index, representing the
best universe, is identified based on the highest fitness value.
Inner loop. A nested loop begins with j = 1, representing
the first object (variable) within the universe. The algorithm
will iterate through all objects in the universe for potential
updates.

84
JOURNAL OF TELECOMMUNICATIONS
AND INFORMATION TECHNOLOGY 1/2025



Optimizing Spectral and Energy Efficiency of Massive MIMO Networks Using MVO and API Algorithms

Generate random value. A random number r is generated
between 0 and 1. This random value determines whether an
object in the current universe will be replaced based on white
hole probabilities.
Check the probability of a white hole. If the random number
r is less than WEP, the object is replaced using a roulette wheel
selection mechanism, where objects from better universes
(white holes) are more likely to be chosen. Otherwise, the
object remains unchanged.
Increment object index. The index j is incremented to
process the next object within the universe. If all objects
have been processed (j > number of objects), the algorithm
proceeds to the next step.
Check universe completion. Index i is incremented to pro-
cess the next universe. If all universes have been processed
(i > number of universes), the algorithm moves to check the
stopping criteria.
Check stopping criteria. The algorithm evaluates whether
the stopping criteria, such as reaching the maximum number
of iterations or convergence to an optimal solution, are met.
If the criteria are satisfied, the algorithm finishes to operate.
Otherwise, it restarts the loop for the next iteration.
End. The algorithm concludes by outputting the best universe,
representing the optimal solution to the problem.

4.2. Pachycondyla Apicalis Algorithm

The API algorithm, inspired by the foraging behavior of
Pachycondyla Apicalis ants, efficiently balances exploration
and exploitation to solve optimization problems. Each ant
operates individually, performing local searches around hunt-
ing sites and dynamically updating its strategies based on
results. These ants collectively contribute to the search pro-
cess through implicit and explicit cooperation. Implicitly,
their independent exploration diversifies the search, while ex-
plicit recruitment allows ants to share high-quality solutions,
fostering global optimization [32], [42].
The robustness of the approach is enhanced by a hetero-
geneous population of ants with varying amplitudes of ex-
ploration, Alocal and Asite, which improves adaptability to
diverse problem landscapes. Periodic nest movement, act-
ing as a dynamic restart mechanism, prevents stagnation in
suboptimal solutions and allows ants to refocus their search
efforts on the most promising areas.
Additionally, success-based memory prioritizes productive
hunting sites while forgetting unproductive ones, ensuring
efficiency. Key functions, such as defining the search space,
global exploration Orand, local refinement Oexplo, and nest
movement work together to maximize the objective function,
integrating local exploitation with global exploration [40],
[41].
The main equations governing the algorithm are described
below:
• Random initialization (global search): The nest locationN

is initialized randomly in the search space S using:

xi = bi + U [ 0, 1 ]× (Bi − bi) , (14)

where bi and Bi are the bounds of the i-th dimension in S,
and U [0, 1] is a uniform random value.
• Local exploration (neighborhood search): Around a hunting

site s, ants refine their search using:

x′i = xi + U [−0.5, 0.5]×A× (Bi − bi) , (15)

where A is the exploration amplitude.
• Global and local exploration parameters:

Asite(i) = xi × 0.01 , (16)

Alocal(i) =
Asite(i)
10

. (17)

These parameters govern the range of global and local
exploration, respectively.
• Relocation of the nest. The nest is moved to the best solution
s∗ found after T iterations:

N = s∗. (18)

• Recruitment (cooperation).
Two ants compare their best sites. If f(sitei) < f(sitej),
replace sitej with sitei.

Building on these principles, the API algorithm follows
a structured sequence of steps to achieve optimization, as
outlined below [43], [44]:
1) Initialization – place the nest in the search area. Set the

number of ants, hunting sites, and exploration range.
2) Hunting site exploration – ants search around their hunting

sites. If they find a better result, they update the site. If
not, they choose a new site.

3) Recruitment (optional) – compare the results of two ants.
The weaker site is replaced with the stronger one.

4) Nest movement – move the nest to the best location found
after a set number of attempts. Start the search again near
the new nest.

5) Stopping criterion – stop when the maximum number of
attempts is reached or a good enough result is found.

5. Numerical Results and Discussion

Building 5G networks is challenging because we need to
balance several goals: service for fast-moving users, high net-
work capacity, and efficient power usage. These goals often
conflict with each other, so we rely on multi-objective op-
timization techniques to find the best possible solutions. In
our research, we apply two metaheuristic algorithms: mul-
tiverse optimizer (MVO) and Pachycondyla Apicalis (API),
using Matlab. We tested different numbers of users, antennas,
and transmission power levels to identify the ideal setup. This
approach helps us design 5G networks that deliver excellent
performance:

X =


1 ¬ N ¬ M2

[NMPt]T 2 ¬M ¬Mmax
0 ¬ p ¬MPmaxt
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Fig. 2. EE performance versus the number of BS antennasM for
different hardware power at each pNc .

In this study, we wanted to see how parameter pNc affects
energy efficiency in a massive MIMO system. We tested three
different values: pNc = 0.5W, pNc = 0.2W, and pNc = 0.1W.
The value pNc = 0.5W represents older hardware, which is
less energy efficient. The value pNc = 0.2W represents more
modern and efficient hardware, while pNc = 0.1W represents
highly optimized hardware with excellent power efficiency.
Our goal was to observe how these values impact energy
efficiency as the number of antennas continues to grow.
From the results shown in Fig. 2, we observed that energy
efficiency improves significantly as the number of antennas
increases, but it eventually reaches a peak and then decreases
slightly. Lower values of pNc = 0.1W result in higher ener-
gy efficiency compared to higher values of 0.5 W. This is the
case because more efficient hardware reduces power losses,
leading to better overall energy performance. However, af-
ter a certain point, adding more antennas starts to increase
power consumption without providing significant gains in
energy efficiency. In conclusion, using modern, low-power
hardware is essential for achieving high energy efficiency in
massive MIMO systems, but there is also a limit to how much
increasing the number of antennas can improve performance.
In our previous analysis, we studied how pNc affects energy ef-
ficiency in massive MIMO systems. Now, we want to see how
EE is affected by parameter η (Fig. 3). We tested three dif-
ferent values: η = 0.25, 0.35, and 0.45. The value η = 0.25
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Fig. 3. Impact of power amplifier efficiency η on the corresponding
energy efficiency.

represents older systems, which are less efficient. The value
η = 0.45 represents modern systems with better efficiency.
We also introduced an intermediate value, η = 0.35, to ex-
plore a balanced setup. Our goal is to understand how these
values influence energy efficiency as the number of antennas
increases.
From the results, we observed that energy efficiency improves
as the number of antennas increases, similarly to our findings
regarding hardware power at each user. However, the efficien-
cy reaches a peak and then starts to decline slightly. Higher
values of η = 0.45 result in better energy efficiency, because
they represent more advanced systems with optimized per-
formance. The intermediate value of η = 0.35 shows ranks
between older and modern systems, indicating a balanced
trade-off. In conclusion, modern systems with higher η values
perform better in terms of energy efficiency, but increasing
the number of antennas beyond a certain point does not bring
significant improvements and may even slightly reduce effi-
ciency. These findings, combined with our previous analysis
of pNc , highlight the importance of both hardware efficiency
and system parameters in designing energy efficient massive
MIMO networks.
After we found the best values of pNc and η for energy ef-
ficiency in massive MIMO systems, we wanted to see how
the coherence time tC impacts EE – see Fig. 4. We tested
three different values: tC = 3 ms, 5 ms, and 7 ms. The value
tC = 3ms represents scenarios with fast-moving users, where
the channel conditions change quickly. The value tC = 7 ms
represents low mobility scenarios, where the channel remains
stable for a longer time. We also tested an intermediate value
of tC = 3 ms, to find a balance between these two situa-
tions. Our goal is to understand how these coherence time
values influence energy efficiency as the number of antennas
increases.
From the results, we observed that energy efficiency improves
as the number of antennas increases, similarly to our findings
concerning pNc and η. However, the efficiency eventually
reaches a peak and then decreases slightly. Higher values
of tC = 7 ms result in better energy efficiency, because
more stable channel conditions allow better data transmission
with fewer updates. On the other hand, lower values (e.g.,
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Fig. 4. Energy efficiency as a function of the number of antennas at
different coherence times tC .
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and users in massive MIMO systems.

3 ms) are characterized by reduced efficiency due to frequent
updates and higher overhead. The intermediate value of tC =
5 ms offers a balanced performance ranking between the two
extremes.
Table 1 summarizes all the values that we used.
After testing different hardware power per user pNc , power
amplifier efficiency η, and coherence time tC values, we se-
lected the best value. Here, we observe how energy efficiency
and spectral efficiency change simultaneously as a function of
two parameters: number of users N and number of antennas
M .
Figure 5 shows how energy efficiency changes with the num-
ber of antennasM and the number of usersN . When bothM
and N increase, energy efficiency improves and reaches its
highest point. For example, when there are 300 antennas and
100 users, the EE value is 17.01, confirming very good effi-
ciency in a large system. However, with fewer antennas and
users, e.g. 20 antennas and 4 users, EE drops to 4.578, show-

Tab. 1. Set of parameters defining the system model.

Parameter Name Value

Mmax Maximum number of antennas 300
ω Transmitting bandwidth 10 MHz
p2n Average noise power 10−13 W
Ψ1 Inverse channel loss 1.72 · 109

Ψ2 Intercell interference strength 0.540
pNc Hardware power at each user 0.2 W
ps Static hardware power 10 W

ηc
Typical computational

efficiency
12.8

Gflops/W
ωC Bandwidth of coherence 200 kHz
tC Coherence time 7 ms

η
The power amplifier’s

efficiency 0.45

PMC Hardware power consumption 0.5 W
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Fig. 6. Spectral efficiency as a function of the number of antennas
and users in massive MIMO systems.

ing poor efficiency due to limited resources. In a medium
range, with 110 antennas and 37 users, EE reaches 14.49,
showing a good balance, but not the highest efficiency. This
pattern shows that there is an optimal point where the balance
between antennas and users gives the best energy efficien-
cy. Adding more antennas or users after this point does not
significantly improve and may even reduce efficiency levels.
The 3D graph shown in Fig. 6 illustrates how spectral efficien-
cy changes with the number of antennasM and the number
of users N .
When bothM and N increase, SE improves. For example, at
300 antennas and 100 users, SE reaches 201, showing very
good use of the available bandwidth. But with fewer antennas
and users, e.g. 20 antennas and 7 users, SE drops to 14.05,
showing poor performance due to limited resources.
In the middle range, with 170 antennas and 53 users, SE
reaches 117.8, showing a good balance but not the best ef-
ficiency. At first, increasing the number of antennas greatly
improves SE, but after a certain point, the improvement slows
down and efficiency stops growing significantly.
It is important to note that if there are many users and few
antennas, the system struggles to manage the users properly,
leading to low SE. This happens because a small number
of antennas cannot effectively handle many users through
beamforming and spatial diversity.
The two graphs presented in Figs. 7 and 8 show how energy
efficiency and spectral efficiency are related in a massive
MIMO system.
In the 2D graph, as the number of users increases, EE also
increases along with SE, but then starts to drop after reaching
a peak point. For example, when N = 60, the peak occurs at
SE = 120 and EE = 16. This happens because adding more
users or increasing SE needs more energy and after a point,
the system cannot remain efficient.
In the 3D graph, as the number of antennas increases, both SE
and EE increase, but only up to a certain limit. After this peak,
EE starts to drop, while SE continues to rise. For instance,
when M = 100, SE = 150 and EE = 12. This shows that
achieving a higher SE requires more energy, which limits EE.
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This behavior proves that after a certain point, the increase
in SE consumes too much power and reduces overall EE. To
get the best results, it is important to find the right balance
between the number of users and the number of antennas to
avoid wasting energy.
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Fig. 9. Optimization of energy efficiency as a function of the number
of iterations using the MVO algorithm.
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A comparative analysis of two metaheuristic algorithms, i.e.
MVO and API, was performed to evaluate spectral efficiency
and energy efficiency. Both algorithms were tested under
identical parameters, including the number of iterations set
to 100, to ensure a fair comparison (Figs. 9–12). From the
results, it is evident that the MVO algorithm outperforms the
API in terms of both objectives. Ater 100 iterations, MVO
achieved optimal values of SE = 83.55 and EE = 31.44, while
API reached SE = 80 and EE = 30. This demonstrates the
superior capability of MVO to optimize both spectral and
energy efficiency in this scenario.
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Fig. 12. Optimization of spectral efficiency as a function of the
number of iterations using the API algorithm.
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Tab. 2. Comparison between MVO and API algorithms for SE.

Criterion MVO API

Convergence
speed Faster Slower

Stability Stable after 50 iterations Fluctuates
significantly

Final value ∼ 83.55 ∼ 78–80

Trend Smooth growth Irregular
growth

Overall
performance Better Moderate

Tab. 3. Comparison between MVO and API for EE.

Criterion MVO API

Convergence
speed Faster, distinct steps Gradual, smooth

rise

Stability Perfectly stable after
70 iterations

Minor
fluctuations

persist
Final value ∼ 31.44 ∼ 30–32

Trend Step-like growth Smooth growth
Overall

performance Slightly better Good but less
stable

5.1. Comparison of MVO and API

Tables 2–3 compare the performance of MVO and API in
terms of spectral efficiency and energy efficiency. As far as
SE is concerned, MVO is faster and more stable, achieving
a higher final value of approx. 83.55. API is slower, with more
fluctuations, and reaches a lower final value of 78 to 80. The
growth trend for MVO is smooth, while API shows irregular
growth. Overall, MVO performs better in terms of SE.
As far as EE is concerned, MVO also shows better results. It is
faster with distinct steps and becomes perfectly stable after 70
iterations. API rises smoothly, but shows minor fluctuations.
The final value of EE for MVO is approximately 31.44, which
is slightly higher than the API range of 30 to 32. The growth
trend for MVO is step-like, while API shows smooth growth.
Overall, MVO is better, but API still remains good.
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Fig. 13. Comparison of the spectral efficiency values (API and
MVO) for the proposed algorithm and other papers.
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Fig. 14. Comparison of energy efficiency values (API and MVO)
for the proposed algorithm and other papers.

6. Conclusions

In this work, we focused on optimizing spectral efficiency
and energy efficiency using the massive MIMO technology in
the downlink direction. By testing various hardware power,
power amplifier efficiency, and coherence time values, we
identified the best parameters to achieve an effective balance
between SE and EE. Our results showed a trade-off between
these two metrics, highlighting their interdependence.
We applied two metaheuristic algorithms, MVO and API, to
analyze performance differences. Although both algorithms
showed promising results, MVO consistently outperformed
API by achieving higher SE and EE values in a shorter lead
time. Finally, we compared our findings with previous works,
further validating the superior efficiency and stability of the
MVO algorithm (Figs. 13–14). This study confirms that MVO
is a powerful tool for optimizing massive MIMO systems,
offering significant improvements that may benefit modern
wireless networks.
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